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ABSTRACT
In-scene techniques for atmospheric correction of remotely sensed multispectral imagery
have been collected and applied to a series of image sets. The methods used rely on image
derived statistics and a minimal use of ancillary data. Five different schemes for estimating
upwelled radiance are presented. Upwelled radiance predictions are compared to estimates
derived from reflectance panel calibrations and the radiative transfer model LOWTRAN.
Inversion to reflectance space is performed with an in-scene technique that draws upon
knowledge of surface material reflectance spectra and the upwelled radiance estimates
generated by accompanying techniques. This research attempts to answer the following
questions: What features must be present for robust implementation of each routine? In
which spectral bands does each routine provide good estimates of upwelled radiance?
What are the limits in spectral and spatial resolution for each routine? Drawing on the
conclusions of this research a modus operandi is suggested for in-scene atmospheric
correction.
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1. Introduction
Atmospheric correction of remotely sensed imagery is necessary for the
interpretation of surface phenomena. Image degradation results from the absorption of
photons otherwise destined for the sensor and from the scattering of non-image photons
towards the sensor. These effects are respectively multiplicative and additive. The reversal
of atmospheric image degradation can be accomplished through a number of means. One
can use histogram specification to visually improve the image but this approach is only
aesthetic and the results cannot be applied to quantitative analyses. The most confidence is
placed in routines that take into account the specific atmospheric conditions at the time of
image capture. This requires meteorological measurements to be synchronized with the
overflight of the sensor. These data are input to a radiative transfer code and the effects of
the intervening atmosphere is computed. Raw digital count to radiance calibration data are
also required for this process. Alternatively ground reflectance measurements can be made
so that a straight line empirical calibration can transfer raw digital counts to reflectance
space. The expense of these calibration measurements is prohibitive especially in
inaccessible regions.
"In-scene"
atmospheric techniques become indispensable when
remotely sensed imagery is unaccompanied by reflectance, radiance ormeteorological
calibration data.
While in-scene techniques are widely described in the literature, most studies
encompass few methods leaving room for inter-comparison of the various methods. The
presentation of the techniques in the literature is not often accompanied by objective or
robust analyses. For example, test imagery may be of high altitude desert locales where
atmospheric degradation is at aminimum due to reduced aerosol content. In addition, the
advent ofmultispectral and hyperspectral remote sensors calls for the reexamination of
in-
scene techniques since improved spectral and spatial resolution capabilities can be drawn
upon.
This research collects several in-scene atmospheric correction techniques and seeks
to evaluate their performance on sets ofmultispectral and hyperspectral image data. The
data available include M7 sensor imagery collected as part of the Southern Rainbow
campaign and Daedalus and HYDICE sensor imagery both collected as part of theWestern
Rainbow campaign. These sensors and collection campaigns are described in more detail is
subsequent sections.
Quantitative comparisons are made to empirical straight line reflectance calibrations
that accompany the image data. Quantitative evaluation of upwelled radiance estimates can
also be performed using a radiative transfer model such as MODTRAN, provided that the
imagery is accompanied by radiance calibration. The HYDICE imagery ofWestern
Rainbow will satisfy this requirement. An additional tool for evaluating the in-scene
atmospheric correction techniques is synthetic imagery as generated by DIRSIG. Synthetic
imagery is useful in that absolute ground truth is known and scenes with optimal
characteristics can be constructed leading to more thorough evaluation of the correction
techniques.
With application to the various image sets mentioned this research seeks to draw
conclusions with regards to the overall performance of the atmospheric correction routines.
The questions to be answered are as follows: What ground features must be present in an
image for a robust implementation of each routine? In which spectral bands does each
routine provide good estimates of upwelled radiance? What are the limits in terms of
spectral and spatial resolution for each routine? Can a hybridized routine be created to take
advantage of each technique's particular capabilities?
2. Theoretical and Historical Background
The atmospheric correction techniques used in this thesis are synopsized in the
following sections. Included are references to original investigators, definitions of
terminology, operational equations and assumptions necessary for each routine's
implementation.
2.1 Radiometric Terminology
These subsections describe the radiative transfer process in the reflective spectrum,
radiometric nomenclature, and the calculation of effective radiance and apparent reflectance.
2.1.1 Radiative Transfer
The work presented in this thesis covers a variety of techniques but each is based
upon an expression of the governing radiation propagation term. To establish a common
naming convention, the radiometric terminology used throughout this report conforms to
the CIE definitions (CIE, 1970). To the extent possible, the terminology and parameters
used by the original authors have been translated into a common structure for clarity.
The governing equation for the spectral radiance arriving at a sensor is defined in
the following manner (Schott, 1997):
LSX = ^C0S^r1a) KA) +%^+(l-f) hx *(A) r2a)+LA (2-d
K K
This equation is applicable only in the reflective region of the spectrum and does not
include thermal effects. The first term describes the direct solar spectral irradiance leaving a
target. E'sx is the exoatmospheric solar irradiance. The cosine term describes the target's
orientation relative to the normal to the earth's surface. The direct solar irradiance is
modified by the spectral transmission between the sun and target %i(k), and by the spectral
reflectance factor of the target, r(X). The second term describes the downwelled spectral
irradiance, Edx, or sky scattered irradiance leaving the target. This term is modified by the
obscuration factor (F) which describes the proportion of sky not blocked by objects
surrounding the target. The diffuse reflectance factor for a Lambertian
target is ta(K). The
third term is for the average spectral radiance arriving at the target from background
objects, Lb)i, which is also modified by the obscuration and diffuse reflectance factors.
All three terms are modified by the transmission from the target to the sensor, x2 (^)- The
fourth term is the upwelled spectral radiance, L^, from the atmosphere. This is the
radiance scattered by the atmosphere directly to the sensor and is the additive component
commonly called path radiance.
Determining the upwelled radiance is the most important task of atmospheric
correction since it is the only term in the governing equation that carries no target
information. Much of this report is dedicated to techniques for the quantification of
upwelled spectral radiance.
2.1.2 Effective Radiance and Apparent Reflectance
To compare ground reflectance measurements to those in an image, a conversion
must be performed to take into account the response functions of the detectors. This is also
true for comparing radiometrically calibrated imagery to the output of radiative transfer
models.
If given ground reflectance measurements the following equation (2-2) will
compute the reflectance apparent (rapp) at the sensor:
rn
*2
\R{X)r{X)dl
h (2-2)'aPP X2
JR(X)dX
h
Wavelength dependent detector response is defined as R(A,). Integration is performed from
A, to ^, the bandpass over which the detector is sensitive. The apparent reflectance term is
normalized by the integrated detector response function in the denominator of equation 2-2.
Conversion of radiance values computed in a radiative transfermodel are similarly
converted as described by equation 2-3 where L(k) are the radiative transfer model radiance
values:
\R(X)L(X)dX
Leff=KT2 <>
\R(X)dX
h
2.2 Dark Object Subtraction (DOS)
Several variants of the dark object subtraction technique have been developed. Of
all the in-scene atmospheric correction techniques, DOS methods appear most often in the
literature. DOS techniques include the HistogramMinimum Method (HMM), and band
correlation methods such as the Pairwise Regression Method and the Covariance Matrix
Method (CMM). They are all based on the premise that a target class can be identified
which has near zero reflectance such that that any observed radiance from that target is
dominated by the path radiance term. These three techniques are described and examined in
the following sections.
All DOS methods account for direct solar spectral irradiance and upwelled spectral
radiance but some omit downwelled radiance and radiance due to background effects.
Downwelled radiance accounts for roughly 10% of the total radiance reaching the sensor in
the visible spectrum so its omission is sometimes considered to have negligible effects on
apparent reflectance (Schott, 1997). Radiance due to background effects is highly scene
dependent but is often also negligible. Transmission is generally assumed to be constant
over an entire scene or region and need not be separated from the direct solar spectral
irradiance term in equation 2-1.
Improved DOS routines currentiy appearing in the literature, include multiplicative
atmospheric effects (transmission models). These algorithms account for transmission by
computing atmospheric correction factors on a pixel-by-pixel basis.
Chavez's improved DOS technique computes an estimation to atmospheric
transmission. The sun to target transmission (x,) is equated to the cosine of the solar zenith
angle (a). This approximation is derived from experimental observation (Chavez, 1996).
The target to sensor transmission (x2) is similarly approximated, but for a nadir perspective
where 9=0 the cosine and x2 are equal to unity.
The radiometric expression for conversion to reflectance using Chavez's new
approach is as follows:
r = n{L-Lu)IEscosocos8 (2-4)
where a nadir view is assumed and downwelled irradiance (Ed) is ignored. Radiometric
calibration coefficients (sensor gain and offsets) are required for application of this
approach as the preceding equation calls for image data to be expressed in radiometric
units. Knowledge of viewing geometry with respect to the sun is also required.
While this technique does not require use of a radiometric transfer model (Es) values
are tabulated and relatively constant) it does assume a single scattering model of the
atmosphere without refractive index changes. Chavez shows this improved technique to be
better than the standard DOS technique and similar to the results given by radiative transfer
models (Chavez, 1996).
Teillet's improved DOS technique uses a radiative transfer model to compute the
optical depth that would result in a particular reflectance value (Teillet, 1995). Optical
depth (8) is related to transmission via the exponential function:
x = exp(-5) (2-5)
The optical depth can be computed when an assumed reflectance value is assigned
to a dark target, downwelled irradiance is zero and x, = x2. The last condition can only
sometimes be true for an orbiting sensor and is never valid for an airborne sensor. The
computational expression is as follows:
(5 = --In
2 rEs cosa
(2-6)
All the band correlation methods draw upon an a priori estimation of the upwelled
radiance in a single band. If a dark target (approximately a 2% reflector) can be isolated
within a band, then the total radiance for that dark target is nearly equal to the upwelled
radiance for the band. This relationship can be seen in equation 2-7, where the total
radiance term (L) is significantly affected by the low reflectance (rd) of the dark target and
the upwelled radiance (Lu) is not.
L =
[EsK~l
+ Ldy2rd + LU = LU for rd - 0 (2-7)
The dark targets most typically used are clear deep water (Ahem et al., 1977) or
dense dark vegetation (DDV) in the chlorophyll absorption bands (Kaufman and Sendra,
1988). In the near infrared region, the reflectance ofwater is roughly 2% and
vegetation is
roughly 50%. As the target reflectance increases, however,
the error in the upwelled
radiance estimate increases due to reflected radiance contributions. To
minimize error,
initial upwelled radiance estimations should be made in a
near or short-wave infrared
regions where atmospheric scattering is generally lower.
Estimates of upwelled radiance in other bands can then be derived using several
methods. Knowledge of the correlation or covariance between bands can be coupled with
regression techniques or an assumed functional form for atmospheric scattering (Rayleigh)
can be used (Chavez, 1988). The latter approach presumes that radiance calibration
coefficients are known.
Figure 2-1 generalizes the information and computation requirements commonly
used in dark object subtraction methods for atmospheric correction. The first oval
represents upwelled spectral radiance computation. The three DOS techniques (HMM,
CMM and Pairwise Regression) use different approaches to arrive at each upwelled
radiance term. These approaches are described in the following sections.
Dark Object Subtraction
pwelled radiance calculations
l
ubtraction from total radiance
1 a priori upwelled estimate in SWIR band
Scene Color Standard
Figure 2- 1 Generalized flow chart for dark object subtraction techniques.
2.2.1 HistogramMinimumMethod (HMM)
The histogram minimum method simply assigns the lowest histogram bin value in
each band to be the upwelled radiance (discounting artifacts). This assumption is valid if
the scene contains objects with near zero reflectance, and will be grossly erroneous if no
such objects exist. While this approach is crude, the histogram minimum for each band is
useful as an upper threshold for results produced by other methods. Actual upwelled
radiances should be lower than the histogram minimum because the histogram minimum is
a sum of the upwelled radiance term and the reflected radiance from the darkest target.
The appropriate choice for an upwelled radiance estimation using the HMM
approach should be at the threshold of an appreciable rise in radiance response rather than
at the absolute minimum. The absolute "toe" of the histogram is likely to include noise
effects. Figure 2-2 illustrates the extraction of an upwelled radiance estimate from an image
band histogram.
Image band histogram
Figure 2-2
Digital Count
Upwelled radiance selection using histogram minimum method.
2.2.2 Pairwise Regression Method
The Pairwise Regression technique was initially proposed by Chavez (1975). An
initial upwelled radiance estimate is made in a single band (referred to as band 1) following
the recommendations from Section 2.2. The reflectances in bands 1 and 2 for a surface
material class must satisfy the following correlation criterion:
r2=Crl+e (2-8)
Error (e) due to mixed pixels and general lack of fit will cause this correlation to be
imperfect. When governing equations for level targets in two spectral bands (X) are written
in slope (mx) intercept (Lx) form (equation 2-9) they can be combined with equation 2-8 to
form equation 2-10.
LX =
(EsX*~l
+ Ldx)?2XrdX + LuX = mXrdX + LuX (2-9)
The correlation term of equation 2-6 is embedded in the constant of equation 2-8 along with
the ratio of slopes (k = C m2lmx) of the two bands of interest (Schott, 1997).
L2=k{Ll-Lul) + Lu2 (2-10)
The preceding coefficient (k) need not be computed to calculate the upwelled
radiance term in band 2. When L2 and (LpLu!) are specified, simple linear regression will
yield the upwelled radiance in a second band L^. This process can be repeated for each
band in the image.
In applying the Pairwise Regression Method toWestern Rainbow imagery
(Daedalus and HYDICE) a different approach was taken to satisfy the correlation criterion
(equation 2-8). Image bands (DQ) were ratioed with respect to a single band (DCX) to
create a new image cube (C) which was then classified using an unsupervised k-means
classifier. In other words, classification was performed on an image where each digital
count is a correlation metric. Equation 2-1 1 quantifies this correlation metric and is derived
from equation 2-8.
Ci = DCx/DQ (2"11)
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2.2.3 Covariance Matrix Method (CMM)
The Covariance Matrix Method is similar to the Pairwise Regression technique
except that the regression is performed simultaneously rather than on a band pair basis
(Switzer and Kowalik, 1981). Upwelled radiance is assumed to be constant over a region
of interest but an irradiance distribution (due to variation in orientation, etc.) is required.
Given the upwelled radiance in a single band, the mathematics for computing the
upwelled radiance in the other bands is compactly described using eigensystem notation.
The process is summarized here with the governing radiometry translated from the original
notation to the standard notation described earlier. The reader should refer to the original
paper by Switzer et al. (1981) for the proof of concept.
Downwelled radiance and background effects are omitted in the original
presentation and must be attributed to residual error (e) in the ensuing least squares process:
L5A=coso-' ^T!(A)T2(A) r(X)
K
+ LuX+ex (2-12)
The target orientation term (cos o') is isolated since it is the only location specific quantity
in the equation and becomes significant in the development of the algebraic solution
(equation 2-14). Reflectance does not vary spatially as a region with uniform reflectance is
selected.
As with the Pairwise Regression method, an initial upwelled radiance estimate must
be made in one band. This a priori specification allows unique upwelled radiance solutions
to be made for each band in a least squares process (Switzer et al., 1981). The least
squares process is most simply computed in an eigensystem. With the band to band
covariance (Sy) calculated for a region with uniform reflectance, the matrix form of the
linear system appears as follows where X represents the bracketed quantity in equation
2-
12 and is an eigenvector of the covariance matrix S. q is the eigenvalue.
x = qSx (2-13)
Identifying the appropriate eigenvector is simple since X is an all positive
physical
quantity and there will be only one such
solution. The final band specific upwelled
radiance estimates are computed with the following algebraic expression:
11
LuX ~ LsX ~ XX
L,. i L,-U,\ S,l
x\
(2-14)
The (x^) terms are the spectral components of the all positive eigenvector. The subscript 1
denotes the band in which the initial upwelled radiance estimate was specified. ( L s)
indicates the average total measured radiance in the region of interest.
The covariance matrix method is the third of the dark object subtraction methods
that are investigated in this report. Two of the three (CMM and Pairwise regression) rely
upon regression techniques to estimate upwelled spectral radiance while the third, HMM,
required no statistical processes but is more dependent upon scene content.
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2.3 Regression Intersection Method (RIM)
The regression intersectionmethod was proposed by Crippen (1987) as another
means to estimate upwelled spectral radiance. The technique is statistically based and
assumes that the radiance arriving from a zero percent reflector must be attributable to
upwelled radiance and sensor bias (discounting error). Rather than requiring the presence
of low reflectance materials, the technique calls for several spectrally unique materials or
classes within which there is a variation of irradiance.
For a given pixel, the digital count value in one band is plotted against the value in a
second band. Each pixel in a given class is plotted in this manner, and the resulting
distribution is fitted using a pairwise regression. An estimation of upwelled radiance in
each band is obtained from the intersection of two class distributions. To make the process
more robust, all possible class combinations are analyzed for a given band pair, and the
process is repeated for all possible band pairs.
Figure 2-3 demonstrates the process of extrapolating two bispectral distributions
towards an intersection. The intersection of two class distributions is taken to be the zero
reflectance point. The radiance arriving from a zero reflectance pointmust be attributable to
atmospheric scattering (upwelled radiance).
DCband2
class a
class b
bandl
Figure 2-3 RIM extrapolation and intersection to find upwelled radiance terms.
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Practical implementation requires a large number of class materials that collectively
represent a gamut of reflectance values. Each material selected needs to be spectrally
homogenous. Crippen suggests a criterion based on the geometric means of the correlation
coefficients (Crippen, 1987). In addition, each material must have an irradiance
distribution to produce a robust regression. An irradiance distribution results from
variation in the incident radiation, which can arise from surface topography variations and
scene features which vary the direct solar and sky scattered irradiance upon the target. The
spread of the bispectral clusters in figure 2-3 is due to an irradiance distribution in each
class.
The regression is performed on a pairwise band basis, generally with the longer
wavelength band as the dependent variable. This approach is supported by the relatively
higher confidence placed in determining the upwelled radiance in longer wavelengths. The
multivariate nature of the data calls for the use of a structural regression technique as
opposed to linear regression which will not account for the point variance of the dependent
variable (the longer wavelength band) (Crippen, 1987).
The RIM approach to atmospheric correction is well suited to multispectral imagery
but the image spatial resolution needs to be sufficiently high or the spatial extent of
materials sufficiently large to allow proper selection of homogenous test sites.
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2.4 Shadow Technique
Developed for aerial photography, Piech andWalkers (1971) shadow technique is
an entirely novel approach to estimating upwelled radiance. Instead ofmaking initial
guesses of the upwelled radiance contribution, the technique relies on radiance
measurements derived from the imagery. If shadow edges can be delineated in an image,
then the technique is applicable. The advent of space borne sensors with high ground
resolution allows this technique to be resurrected.
Figure 2-4 illustrates the geometric and radiometric conditions of targets used with
the shadow technique. As shown in the figure, radiometric expressions can be written for
the adjoining areas inside and outside a shadow. Several target sites which collectively
represent a gamut of reflectance values are needed in order to perform a statistically
significant regression of shaded versus sunlit regions. Decreased contrast between the
sunlit and shaded areas and compression of the reflectance gamut will result in a less robust
regression.
tap-
__
.
^
l$h m FLd^ird * 4
Figure 2-4 Radiometric terms describing energy arriving at
shadow'
s edge.
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The equations for the sunlit and shaded areas appear in equations 2-15 and 2-16,
note that the radiometric terminology defined previously has been slightly modified. The Es
term includes the orientation angle and source to target transmission factor. The
obscuration factor (F) of the object creating the shadow is difficult to specify but if the sites
chosen have similar shape and orientation (with respect to the sun) then the obscuration
factor need not be determined.
Lshade = FLd T2 rd + Lu
^sun ~ '^ + FLdK ?2 rd + Lu
(2-15, 2-16)
These terms combine to create a linear equation from which the intercept can be found. The
general form of this linear equation is reproduced here (equation 2-17) along with the
solution for upwelled radiance (equation 2-18).
Lsun m^shade +
Lu =
(2-17, 2-18)
\ m
m and b are the slope and intercept respectively (Schott, 1997). Figure 2-5 illustrates the
regression process in terms of the dependent (Lsun) and independent (Lshade) variables.
Lsun
shade
Figure 2-5 Regression of sun and shadow radiance values from
sites in a single band
for determination of Shadow Technique upwelled radiance
estimation.
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2.5 Scene Color Standard (SCS)
Developed in conjunction with the Shadow Technique by Piech andWalker (1971),
the Scene Color Standard completes the atmospheric correction once the upwelled radiance
is known. It is especially useful in that there is no requirement for radiance calibrated
imagery. Unfortunately, significant information regarding the reflectances of at least one
surface feature must be assumed. Equation 2-19 describes the total incident radiance term
when the upwelled radiance is given and a statistical estimate of the average reflectance of a
material class can be found (Piech andWalker, 1971).
E'SK + LA T2 =_h~h_
rd
(2-19)
The technique maps the mean of one or more reflectance distributions to the means
of the corresponding radiance (or digital count) distributions. If the intercept (Lu) term is
known from one of the previous methods, this yields a complete two point solution to the
governing radiance equation. Figure 2-6 illustrates this empirical straight line solution for
one band.
Figure 2-6 Linear mapping from reflectance to radiance space used in the SCS.
Determining the appropriate reflectance set is the difficult part. If reflectance
calibrated targets are included in the scene, then the process in trivial. Otherwise the
analyst must rely on other targets for which the
reflectance distribution might be well
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known. Concrete could be used as a default standard, but regional variations in its
composition limits global application.
2.6 Radiative Transfer Models
Radiative transfers models such as LOWTRAN andMODTRAN (Kneizys, 1988)
were developed primarily for use in predicting the spectrally dependent interactions of the
atmosphere along vertical, horizontal and slant paths. These robust codes model the
atmosphere based on the location, the time of the year, the time of day and general
atmospheric descriptions (i.e. urban or rural setting). Additionally, the user may input an
estimate of the atmospheric visibility or collected radiosonde data if such measurements are
available. The atmospheric effects predicted by these codes are commonly output as
separate spectral components which may include the top of the atmosphere
(exoatmospheric) irradiance, the transmission to the ground, the downwelled sky radiance,
the transmission to the sensor and upwelled radiance. An experienced user can utilize one
of these models to reverse engineer the components of the atmosphere present in a given
image.
There are several scenarios for utilizing such a model to remove the atmospheric
contributions to an image. For example, the model could predict the upwelled radiance in
all bands by matching the upwelled radiance estimate (possibly determined using one of the
other techniques already discussed) in some selected bands. The major benefit is that the
model predicts contributions across all the bands in an image set, providing the user with a
larger number of bands to evaluate the correctness of the solution (as opposed to the band
correlation techniques which rely on a smaller number of
"dark" bands).
To utilize such amodel with an image set, the spectral response functions for each
band and a radiance calibration is required. Although the former is usually well
documented and available formost systems the latter is not since reliable in-flight
calibration is costly. The lack of radiance calibration and the
"smart"
user requirements
have made this technique less popular than its in-scene counterparts. This style of
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correction may become more attractive as more radiometrically calibrated sensors are
developed.
2.7 Summary of Theory
Figure 2-7 presents all the methods introduced in a logical flow chart. At the top
level are the five approaches to estimating spectral upwelled radiance (LuX). Two of these
methods (Covariance Matrix and Pairwise Regression ) require an independent estimation
of upwelled radiance in at least one band. All methods but the Histogram Minimum
Method rely heavily on linear regression analysis to estimate upwelled radiance. The
upwelled radiance estimate generated by Histogram Minimum Method serves as a
benchmark upon which the other methods must improve.
Estimated Lu1
I X
Histogram
Minimum
Covariance
Matrix
Pairwise
Regression
Regression
Intersection
Shadow
Technique
Scene Color
Standard
uX
Radiative
Transfer
R = mDC+b
Figure 2-7 Operational flow chart showing processing routines and input requirements.
To complete the inversion to reflectance, an in scene approach (Scene Color
Standard) is shown along with a standard radiative transfer model. The SCS also relies on
linear regression to compute the expression that converts raw digital counts to reflectance
units. Ancillary reflectance data is also required by the Scene Color Standard. If the
imagery is radiance calibrated, it is possible to use a radiative transfermodel (such as
MODTRAN) to complete the inversion to reflectance.
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The following sections describe the application of these techniques to multispectral
imagery. From analysis of the results, a suite of techniques for atmospheric correction are
recommended.
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3. Experimental Approach
Specifics for the application of the in-scene atmospheric techniques are discussed
below. A description of the image sets to be used as well as ancillary modeling methods
are also included.
3.1 Test Imagery
Several image sets will be utilized to evaluate the in-scene atmospheric techniques.
These image sets are drawn from two collection efforts: the Southern Rainbow collection
effort featuring the Eglin AFB in Florida's panhandle, and theWestern Rainbow collection
effort that features the desert environment of the Yuma proving grounds in southern
Arizona. Another set of imagery was synthetically generated with acquisition specifications
similar to that of the multispectral sensors performing acquisition in the Rainbow
collections.
3.1.1 Southern Rainbow and theM7 Multispectral Sensor
The Southern Rainbow image set acquired with the ERTM (Environmental
Research Institute ofMichigan) M7 sensor was used for initial testing of the techniques
presented here. In this configuration, the M7 sensor is comprised of 15 reflectance bands
(Swain and Davies, 1978). Relative detector responses are shown in figure 3-1 and 3-2.
M7 detector responses
CD
CO
c
o
Q.
CO
CD
CC
-a
N
E
1
0.5 -
0
4-
0.4 0.7 1 1-3[m]1-8 19 2'2 2-5
Figure 3-1 Spectral responses of the M7 sensor as configured for Southern Rainbow.
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Figure 3-2 Channel centers and widths of theM7 sensor as configured for Southern
Rainbow.
Included with the Southern Rainbow data set were a wide variety of target
reflectances acquired with spectrometers. These included reflectance data for a set of gray
panels used for the raw digital count to reflectance calibration. An empirical straight line
method regressing known reflectance values with raw digital counts yields the desired
calibration to ground reflectance units. For each band, the intercept of the regression line
with the digital count axis is used as the default upwelled radiance value. Estimated
upwelled radiance values generated by the routines tested here are compared to these
intercepts. Southern Rainbow did not include radiance calibration that would allow
conversion of digital counts to absolute radiance values.
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Figure 3-3 Southern Rainbow, flight 6 run 12, Chicken Little site.
The reflectance panels appear on the right side of the Chicken Little site (flight 6,
run 12) at approximately a 40 view angle (figure 3-3). Because the panels are not in the
center of the image, the path length to the sensor is longer which increases upwelled
radiance significantly, especially in shorter wavelengths. An analysis of increased upwelled
radiance as a function of view angle was performed using aMODTRAN simulation.
DIRSIG upwelled radiance maps were produced for each of the fifteen M7 detectors.
Radiosonde data and a 23 km visibility parameter were entered into theMODTRAN
submodel. The results permit a rough adjustment of the reflectance calibration data from
the original 40 view angle to a
0
view angle, thereby reducing the deviation between truth
and trial results.
If using collection specific radiosonde data the view angle correction can be
performed in a more rigorous manner. A near perfect correction can be found by using
MODTRAN. If given the digital counts (DC0) and reflectances (r) for at least two
reflectance panels at an oblique perspective and computing T0 and Luo at that oblique view
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angle withMODTRAN and radiosonde data one can solve for the gain (g) and bias (b)
terms appearing in equation 3-1.
DCoblique = g TQ r + Luo+ b (3-1)
Then using the gain and bias terms found from equation 3-1 and again running MODTRAN
with radiosonde data but changing the view angle to a nadir perspective to find Tn and Lun ,
one can compute the digital count (DCn) (equation 3-2) that would occur if the reflectance
panels appeared at a nadir perspective.
DCnadir = g Tn r + Lun+ b (3-2)
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3.1.2 Western Rainbow
TheWestern Rainbow data is comprised of image sets collected with several
sensors. Images from two of these sensors are processed in this study. The two sensors
are the multispectral Daedalus sensor and the hyperspectral HYDICE sensor. Figure 3-4
shows a false color infrared composite image of the Malapai site in the Yuma Arizona
proving grounds studied in Western Rainbow.
&&&*&&
Figure 3-4 Daedalus image ofYuma proving grounds, Malapai site.
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3. 1 . 2. 1 DaedalusMultispectral Sensor
The Daedalus sensor, mounted aboard a helicopter, was flown formultiple flights.
Images made at two altitudes (500 ft and 1000 ft) are used here to study the effects of
altitude on the atmospheric correction techniques. Reflectance panels are included in the
image cubes chosen. The spectral responses of the Daedalus detectors are shown in figure
3-5. Figure 3-6 shows the band centers and channel widths.
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Figure 3-5 Reflective band detector responses for the Daedalus sensor.
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3.1.2.2 HYDICE Hyperspectral Sensor
HYDICE is a pushbroom imaging spectrometer. For Western Rainbow it was
configured with 210 spectral bands. A HYDICE image cube was included to study the
extension of the atmospheric correction techniques from multispectral to hyperspectral
imagery.
To avoid redundancies caused by the correlation of adjacent bands only a subset of
bands were processed for this study. Spectral bands with strong absorption features were
removed because they contain little information about the ground targets. In the reflective
region absorption is mostly due to water but some is caused by carbon dioxide and oxygen.
The regions where transmission falls below 80% are the bands encompassing the following
wavelengths: 1.31 1.5 urn, 1.7 2.07 |im and 2.34 - 3.7 um. About 144 spectral bands
remained after removal of these absorption features. The remaining bands were averaged
in groups of four. This approach limits the correlation between bands, increases the signal
to noise ratio, and reduces the computational intensity. Final processing was performed on
36 bands, enough to retain the hyperspectral character. Figures 3-7 and 3-8 show the
averaged detector spectral responses for the 36 bands processed.
Since Western Rainbow HYDICE data was radiometrically calibrated, a radiative
transfermodel (LOWTRAN) could be used to evaluate the results of the in-scene
atmospheric correction routines.
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HYDICE averaged detector responses (VIS)
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Figure 3-7 Averaged HYDICE detector responses in the visible spectrum. Averaging
performed in groups of four.
HYDICE averaged detector responses (NIR)
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Figure 3-8 Averaged HYDICE detector responses in the near infrared spectrum.
Averaging performed in groups of four.
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HYDICE averaged detector responses (SWIR)
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Figure 3-9 Averaged HYDICE detector responses in the short wave infrared spectrum.
Averaging performed in groups of four.
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3.1.3 DIRSIG Imagery
For preliminary evaluation of the algorithms being tested under this effort, synthetic
images were generated using the Digital Imaging and Remote Sensing Image Generation
(DIRSIG) model (Schott et al., 1994). Synthetic images are useful for analysis of
exploitation algorithms since all the parameters related to the image forming process are
known. All computations within the DIRSIGmodel are done on a spectral basis until the
final stage where the spectral response functions are convolved with the spectral solution to
produce the integrated band radiances. In addition to outputting the integrated radiance on a
per pixel basis, several components of the image chain are output including the radiance
reaching the sensor, the target reflectance, the solar radiance reaching the target and
atmospheric transmissions. The textures present in the DIRSIG images are applied
spectrally on a pixel by pixel basis. This produces textured surfaces in the rendered scenes
which feature the desired spatial and spectral correlation required for use in spectral
exploitation algorithms such as atmospheric correction or land cover classification.
To initially debug the algorithms, two synthetic images were generated using the
spectral response functions of theM7 reflective bands (bands 1-15). Each scene was
rendered with a very clear (high visibility) atmosphere. All atmospheric components used
in the DIRSIG model are generated by MODTRAN.
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The synthetic Shadow Scene was specifically constructed to test the atmospheric
correction techniques. The scene contains a staggered tree line overlapping a set of
reflectance panels and a building overlapping a second set of reflectance panels. The scene
provides the variation in targets, and shadows needed for evaluation of the correction
algorithms being tested. The image was created at 512 x 512 resolution and convolved
down to 256 x 256 resolution (figure 3-10).
Figure 3- 10 DIRSIG Shadow Scene.
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The Forest Scene contains targets similar to those found in the Southern Rainbow
collection including vegetation canopies, grass, dirt patches, dirt roads, a shallow pond and
a variety ofmilitary vehicles. The image was rendered at approximately a lm resolution
(768 x 768 image size) and convolved down to 3m resolution (figure 3-11).
Figure 3- 1 1 DIRSIG Forest Scene.
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3.2 Dark Object Subtraction
Trials were performed for the three Dark Object Subtraction methods, Histogram
Minimum Method, Pairwise Regression Method and Covariance MatrixMethod. The
specifics of application to the Southern Rainbow, Western Rainbow and DIRSIG image
sets are described in the following sections.
3.2.1 HistogramMinimum Method (HMM)
Histogram minimum selection process is easily implemented but must be carefully
monitored by the user to ensure that no image artifacts formed by noisy detectors or non-
image areas are selected. The accuracy of the method will depend upon the inclusion of
low reflectance materials, so it is useful to examine the surface features appearing in the
imagery to verify that dark targets are present.
3.2.2 Pairwise Regression
Dark target selection to provide a priori upwelled radiance estimates were made in a
water absorption band. For the M7 sensor, both the 14th and 15th bands encompass the
2.1urn water absorption band. The Southern Rainbow image used in this study (Chicken
Little site) included sufficient forest terrain for dense dark vegetation (DDV) target
selection. Band 15 was chosen to provide the a priori estimations simply because the
average digital counts for dense vegetation were lower. Clear deep water is not featured in
the Southern Rainbow data set so no targets were selected in the near infrared.
Using the dark pixel estimations from the SWTR bands, fourteen individual
pairwise regressions were performed. As presented in equation 2-10, the difference of
digital count and upwelled radiance estimation in the 15th band is taken to be the
independent variable. The dependent variable is the corresponding digital count in the other
(shorter wavelength) band. When these values are input to a regression routine (without
forcing the intercept to the origin) the resulting outputs are the product of correlation and
incident irradiance (slope k) and upwelled radiance (intercept in DC units) for the other
bands.
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For the selection of test sites, the use of a Gaussian maximum likelihood (GML)
classmap was assumed to be sufficient to satisfy equation 2-8, the reflectance correlation
criterion. Use of unsupervised classification routines was not ruled out but GML class
maps were utilized since they were readily available.
Western Rainbow trials did not limit dark target selection to a single class in a single
band. The code was modified in order to compute the pairwise regression of all
combinations of dark class and dark band. Since all classes could not be expected to
provide dark targets for upwelled radiance estimation, a process of elimination removed
invalid results. The R squared regression correlation coefficient was used to gauge results
produced by the routine. R square correlation increases with the number of regression
points. Since the routine was processed on classes with large numbers of data points,
estimates with high R squared values are not necessarily good but low R square values do
represent poor upwelled radiance estimates.
3.2.3 CovarianceMatrix Method
Programs to compute multivariate statistics and eigensystems were used to process
the covariance matrix method. ForDIRSIG and Southern Rainbow, trial pixels were
chosen from artificial and natural materials classified to have similar reflectances by a
gaussian maximum likelihood classification scheme. As described in the preceding section
the ratio method of classification was used to define homogenous classes for Western
Rainbow CMM processing. All classes were processed but many were subsequently
rejected for not producing adequate results.
A priori upwelled radiance estimations were taken from the results of the Histogram
Minimum Method. Selection of the upwelled radiance estimation was not limited to a
single band and forWestern Rainbow the CMM predictions when all ten bands were used
as dark bands were averaged to produce upwelled radiance estimates. For Southern
Rainbow and DIRSIG trials only the 15th band (centered at 2.3 um) was used as the dark
band.
Using the digital counts extracted from each band, a computation of the covariance
of radiance between n bands is made. The resulting n element matrix is then entered into an
eigensystem and the eigenvectors are computed. Only one all positive eigenvector results
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from this process and that vector, along with the pre-computed band averages for the class.
are used to solve the algebraic expression appearing in equation 2-13. The final results of
this process are the upwelled radiance estimates for the remaining n-\ bands. Figure 3-12
illustrates this process in a flow chart.
Covariance MatrixMethod
Multivariate Statistics
I
CovarianceMatrix (S)
I
Eigensystem, x = qSx
I
Positive eigenvector (x)
Region with constant reflectance
a priori SWIR upwelled estimate
Spectral means (DCavgJj
I
Algebra
J
Upwelled radiance [DCJ
I
Scene Color Std.
Figure 3-12 Logical flow chart for Covariance Matrix Method.
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3.3 Regression Intersection Method
The Regression Intersection Method was implemented with some differences to the
original and subsequent presentations of the technique (Crippen, 1987), (Gaddis et al.,
1996). Gaussian maximum likelihood and k-means classmaps were used to identify
classes as opposed to visually identifying regions of spectral homogeneity. The geometric
means of the correlation coefficients are not computed since each classifier is assumed to
identify homogenous regions adequately. A standard deviation calculation in each band for
each class identifies class distributions that are not compact. Also a different procedure
was used to eliminate ineligible distributions.
Using a classmap, digital counts (DC) are loaded and stored by class. For all band
pairs and for each given class the DC values in one band are plotted against the DC values
in a longer wavelength band. As described in Crippen (1987), these data are fitted with a
structural regression and extrapolated towards the origin. The HYDICE implementation had
630 possible band pairs while the M7 and Daedalus sensors had 105.
For each band pair and for each class, the intersections with other class regression
lines are computed. If two classes have similar bispectral distributions, nearly parallel lines
can occur. For these cases the intersections are discarded since the intersections are either
extreme or do not exist. Intersections that fall within a specified range and domain are
selected for averaging. The domain and range are governed by knowledge of the sensor
offsets as well the histogram minima. Intersections which do not meet these criteria, are
discarded. This process is encoded in a C program and is fully automated. Figure 3-13
shows the logical flow chart for the Regression Intersection Method.
Several approaches can then be implemented to arrive at final upwelled radiance
estimated in each band. Ifmore confidence is placed in SWIR bands then those band pairs
that include SWIR bands can be used to find the upwelled radiance in other bands.
Confidence in a particular band pair can be quantified through the standard deviation of the
cluster of intersections.
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Figure 3-13 Flow chart for Regression Intersection Method.
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3.4 Shadow Technique
Implementation of the Shadow Technique requires the coordinates of sunlit and
shaded regions identified by the user. The user must also confirm that the same surface
material underlies both sunlit and shaded regions. Once the sites are identified, the
algorithm extracts the associated digital count on a band by band basis. These digital
counts are then input to a standard linear regression routine. Outputs are the slopes (m) and
intercepts (b) for each band. Substitution of these values into equation 2-17 yields the
upwelled radiance terms for each band.
Shadow Technique
Shadow selection
I
Constant shape factor (F)
t2, Lu constant over scene (narrow F.O.V.)
Targets representing range of reflectances
mear regression
I
Upwelled radiance [DC^] Scene Color Std
Figure 3-14 Flow chart for shadow technique.
In the Southern Rainbow scene (flight 6, run 12), three shadows were easily
identified. These came from buildings in the center of the scene, one ofwhich is shown in
figure 3-14. All three buildings were similarly oriented with distinct shadows on their
western sides. Since all the buildings were of similar shape and orientation the obscuration
factor requirement was easily satisfied. Unfortunately, most of the shadows covered only
one material (assumed to be pavement) thereby reducing the potential statistical
significance. In the figures above (figures 3-15 and 3-16), the left side of the shadow falls
on the pavement while the right side falls on shrubbery. The two regions seem to be
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separated by a vehicle but only the pavement and shrubbery were used because the
resolution is not high enough to determine if the vehicle extends into the shaded region.
In theWestern Rainbow scene (Daedalus and HYDICE imagery) only vehicular shadows
were available. These shadows were less than adequate and the results reflect this
deficiency.
Figure 3-15 Building with shadow extracted from Southern Rainbow (flight 6, run 12).
At least two different materials are present along the shadow's edge.
Fieure 3-16 Enlargement of building shadow appearing in previous figure. Mixed pixel
region between sunlit and shaded regions must be avoided
(arrows indicate rows chosen).
Regions of differing reflectance must be entered into regression
routine as distinct sites.
Pixel averaging prevents statistical
weighting.
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3.5 Scene Color Standard
In order to match reflectance curves with surface materials a learning process is
necessary. In most operation settings, an analyst is used to identify a target material and
the corresponding reflectance curve from a data base. If enough different materials are
chosen, statistical significance is gained.
For Southern Rainbow andWestern Rainbow data, a number of targets were
identified and reflectance curves from the ground collection matched to them. Only
extensive surface targets were selected such as grass, canopy, asphalt and concrete. Some
of the spectrometer data provided included vehicular targets and their associated reflectance
distributions. To use these targets would constitute using ground truth data which is not in
the scope of this study. Further, these vehicular targets are essentially mixed pixels as
none are sufficiently large to provide pure pixel samples. An illustration of target selection
is shown in figure 3-17.
As described in section 2.1.2, the ground spectrometer reflectance data had to be
converted to apparent reflectance using the detector response functions. For each material,
the average band digital count is regressed against the material's apparent reflectance to
compute a relationship between digital count values and the surface reflectance.
With multiple scene color standards a choice must be made between forcing the y-
intercepts to match a specified upwelled radiance estimate or allowing the regression
process to compute a new upwelled radiance value as the intercept of the regression line
(the specified upwelled radiance is retained in the regression process). When only one
scene color standard material is used then a two point solution line is drawn between the
specified upwelled radiance value and the material's reflectance versus digital count
coordinate.
The upwelled radiance value must be selected or averaged from the results of the
various techniques used to estimate upwelled radiance. In this thesis an average of all
reasonable upwelled radiance estimates is used.
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Figure 3-17
available.
A material in Southern Rainbow scene for which spectrometer data is
Routines for the implementation of five in-scene methods for determining upwelled
radiance have been described. Each of these methods relies upon the Scene Color Standard
or another reflectance inversion process to complete the atmospheric correction task. A
simple approach to analyze the contribution to error of off-nadir reflectance calibration
panels was also presented.
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4. Results
Results for each of the in-scene atmospheric correction routines are presented in the
following sections. These sections are subdivided into discussions on the results for the
M7, Daedalus, HYDICE and DIRSIG image sets. With upwelled radiance values known
precisely and the scene parameters idealized, the DIRSIG simulations represent unbiased
evaluations of the implementation of each atmospheric correction routine. Results of all
techniques are provided for both Rainbow image sets and the DIRSIG Shadow Scene. For
the DIRSIG Forest Scene, only the CovarianceMatrix Method and Regression Intersection
Method were applied.
4.1 Calibration
Results for each of the image cubes processed are expressed in percent apparent
reflectance or calibrated radiance units. Using reflectance panels or the radiative transfer
code LOWTRAN, reflectance and radiance solutions were derived from the procedures
outlined in section 2.1.1.
Comparison of upwelled radiance estimates to upwelled radiance truth should take
into account the location of targets used by each routine as well as the position of
reflectance calibration panels since path radiance varies with view angle. Some routines
rely on image data drawn from only a limited spatial region while others utilize samples
drawn from throughout the image. For simplicity, the truth upwelled radiance estimates are
expressed in terms of apparent ground reflectance using nadir adjusted reflectance
calibration data which should represent the minimum upwelled radiance for the band. The
following section discusses the correction necessary for off-nadir calibration panels.
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4. 1 . 1 View Angle Correction
AMODTRAN simulation to estimate the percent change in upwelled radiance as a
function of view angle for each of theM7 bands is presented in figure 4-1. For the
Southern Rainbow M7 f6rl2 image, the difference in path length between nadir and a 40
view angle changes the upwelled radiance approximately 25% in band 1 (0.4-0.5 urn). To
produce an upwelled radiance estimate with respect to a nadir look angle, the reflectance
calibration offsets were adjusted in each band (as described in section 3.1.1) to account for
the 40 displacement of the reflectance calibration panels from nadir. These nadir adjusted
upwelled values should define the minimum upwelled radiance value in the image.
Estimates generated by the in-scene techniques may produce higher values if the technique
utilizes pixels displaced from the flight line.
All Southern Rainbow M7 upwelled radiance estimates are expressed in apparent
reflectance values using the digital count to reflectance conversion defined by the nadir
adjusted reflectance panel calibration. The reflectance panels in theWestern Rainbow
imagery (Daedalus and HYDICE) were centrally located and no nadir adjustments were
necessary. DIRSIG reflectance calibrations were generated for a nadir perspective.
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Reflectance Calibration View Angle Correction
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Figure 4- 1 MODTRAN derived view angle correction for Southern Rainbow M7
reflectance calibration.
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4.1.2 Reflectance Calibration
Empirical straight line calibration is the standard method for conversion of raw
digital counts to reflectance. While simple, the process is not without problems as the view
angle discussion suggests. Calibration offsets are presented for Southern andWestern
Rainbow in the following figures but regression plots for each image band are contained in
appendix A. The calibration offset, or intercept, is interpreted as the truth for upwelled
radiance. Three solutions are presented in each figure and in every case the calibration
using the new panels defines truth. Calibration offsets generated by other means (old
panels, other researchers or Scene Color Standard) are converted to apparent reflectance
using the new panel calibration. Scene Color Standard results are included in the following
figures but their discussion is deferred to section 4.5.
4. 1 . 2. 1 Southern Rainbow
Figure 4-2 shows the offsets of the reflectance calibrations for the Southern
Rainbow M7 f6rl2 imagery. An independent calibration of the Southern Rainbow data
was performed and the offsets generated are labeled in the figure as "new panels". The
calibration offsets supplied with the imagery are labeled as "sr
calib."in the figure. The
solution equations for the independent calibration can be examined in appendix A where
they are displayed alongside the regression plots for each band. Recalibration for the M7
image did not include the digital counts of saturated panels in the regression. The brightest
panel in each of several bands was saturated to 255 digital counts (maximum in an eight bit
image). It was assumed that the new panels appeared in the image as both new and old
panel ground reflectance measurements were supplied but only one set of panels were on
the ground.
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Figure 4-2 Reflectance solution offsets for the M7 imagery. The Southern Rainbow
calibration (sr calib.) and Scene Color Standard (scs) offsets are expressed in apparent
percent reflectance using the reflectance conversion derived for this study from the new
panel reflectance measurements. SCS upwelled radiance values represent an average of the
estimates generated by the methods presented in this thesis.
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4. 1 . 2. 2 Western Rainbow: Daedalus
In the Daedalus Western Rainbow imagery both the new and old panels appeared in
the scenes. Which panels were which was determined by deduction. Brightness
relationships occurring in the reflectance files were expected to also occur in the digital
counts extracted from the panels. Figures 4-3 and 4-4 plot the calibration offsets for the
r61 1021 and r571021 Daedalus images which were acquired at 1000 feet and 500 feet
respectively.
Saturated panels were not a problem for any of the bands in the Western Rainbow
imagery but in some bands the two reflectance calibration solutions differed by up to 5%
reflectance in their predictions of upwelled radiance. The calibration made using the new
panels is taken as the standard with which all Daedalus upwelled radiance estimates are
converted to apparent reflectance. The old panels were assumed to be less reliable because
there was more variation in their digital counts due to uneven bleaching by sunlight. The
solution equations for both Daedalus images can be examined in regression plots of
appendix A.
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Figure 4-4 Reflectance solution offsets for theWestern Rainbow Daedalus r57 1 02 1
imagery. Calibration offsets derived from the old panels and Scene Color Standard (scs)
offsets are expressed in apparent percent reflectance using the reflectance conversion
derived from the new panel reflectance measurements.
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4.1.2.3 Western Rainbow: HYDICE
HYDICE results are compared to the output of the LOWTRAN radiative transfer
code. LOWTRAN was run using radiosonde meteorological data collected during image
acquisition. A visibility parameter was also computed by LOWTRAN using the ground
wind speed which was also measured during acquisition. For desert environments
LOWTRAN prompts for the wind speed parameter because visibility is a function of dust
particulates in the air (Kniezys, 1988). The LOWTRAN estimate for the averaged
HYDICE band centered at 0.4 urn was judged to be invalid so is not displayed.
Figures 4-5 through 4-10 compare the LOWTRAN upwelled radiance estimates to
the intercepts of the new and old reflectance panel calibrations. These figures are
segmented for the visible, near infrared and short wave infrared spectral regions. The gap
appearing in figures 4-9 and 4-10 spans a water absorption band and those HYDICE bands
were omitted from this study. The figures' ordinate axes are expressed in radiance units of
watts permeter squared per steradian permicrometer [W/(m2srum)] and in the reflectance
units defined by the new panel calibration. As described in section 2.1.2, LOWTRAN
output was processed to take into account the detector response functions.
Good agreement between the reflectance panel estimates and LOWTRAN estimates
of upwelled radiance is apparent in the visible and near infrared bands but as with the
Daedalus imagery the two reflectance panel solutions are not identical and differ by as much
as 2.5% reflectance in the visible spectrum (4.0 |W/(m2*srum)]). It is interesting to note
that although more confidence was placed in the new panel calibration, LOWTRAN
upwelled radiance estimates show better agreement with the old panel calibration intercepts.
Reflectance panel calibration equations can be examined along with the regression plots in
appendix A.
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Figure 4-5 Visible spectrum upwelled radiance solutions for the HYDICE imagery.
LOWTRAN upwelled radiance estimates were computed using radiosonde data collected
during image acquisition.
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Figure 4-6 Visible spectrum upwelled radiance solutions for HYDICE imagery
expressed in apparent percent reflectance as defined by the new panel calibration.
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Figure 4-7 Near infrared spectrum upwelled radiance solutions for HYDICE imagery.
LOWTRAN upwelled radiance estimates were computed using radiosonde data collected
during image acquisition.
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Figure 4-8 Near infrared spectrum upwelled radiance solutions for HYDICE imagery
expressed in apparent percent reflectance as defined by the new panel calibration.
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Figure 4-9 Short wave infrared spectrum upwelled radiance solutions for the HYDICE
imagery. LOWTRAN upwelled radiance estimates were computed using radiosonde data
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Figure 4-10 Short wave infrared spectrum upwelled radiance solutions for the HYDICE
imagery expressed as apparent percent reflectance as defined by the new panel calibration.
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4.2 Dark Object Subtraction (DOS)
Dark Object Subtraction results are subdivided into three categories, Histogram
Minimum Method, CovarianceMatrix Method and Pairwise Regression. Southern
Rainbow, Western Rainbow and DIRSIG Shadow Scene results are presented for each
DOS technique. In figures 4-1 1, 4-12 and 4-13, which represent M7 and Daedalus results,
upwelled radiance results are expressed in apparent percent reflectance plotted with respect
to the new panels reflectance calibrations. HYDICE DOS results, which appear in figures
4-14 through 4-19, are expressed in both radiance units and apparent percent reflectance
and are plotted alongside LOWTRAN upwelled radiance estimates. The LOWTRAN
results are effective radiance values where the detector responses have been taken into
account. Figure 4-20 plots results for DIRSIG which are expressed in apparent percent
reflectance as defined by the DIRSIG software.
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Figure 4- 1 1 Dark Object Subtraction results for M7 imagery. The upwelled radiance
values derived from the reflectance panels define zero apparent % reflectance.
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Figure 4- 1 2 Dark Object Subtraction results for the Daedalus 1000 foot acquisition. The
upwelled radiance values derived from the new reflectance panels define zero apparent %
reflectance.
1.5
0.4 0.7 1.0 1.3 1.6
Band Centers [um]
Figure 4- 1 3 Dark Object Subtraction results for the Daedalus 500 foot acquisition. The
upwelled radiance values derived from the new reflectance panels define zero apparent %
reflectance.
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4. 2. 1 HistogramMinimumMethod (HMM)
Histogram MinimumMethod upwelled radiance estimates for each image are
displayed in the preceding figures (4-11 through 4-20). The actual solution must lie at or
below the HMM estimate in a low noise case.
4.2.1.1 Southern Rainbow: M7
For the Southern Rainbow scene (figure 4-11), the HMM provided some of the
lowest band estimates for upwelled radiance in the visible bands. In the near infrared
bands (8 and 9, 0.7-0.9 u.m) upwelled radiance estimates are 6 reflectance units higher than
truth. Except for the visible region the HMM results do provide an upper bound with
which to judge the results of other techniques.
4.2.1.2 Western Rainbow: Daedalus
The acquisition altitude difference of only 500 feet between theWestern Rainbow
images was not expected to affect the histogram minima, and no effect was observed.
Increased altitude and decreased ground resolution would otherwise brighten histogram
minima through the process of pixel mixing.
Figures 4-12 and 4-13 are for the Daedalus images r61 1021 (1000 feet) and
r571021 (500 feet) respectively. For all of the bands in the r6 1 1 02 1 image cube, the
histogram minima are within 2% reflectance of the new panels calibration offsets. Most of
the bands of the r571021 image cube have histogramminima that are also within 2%
reflectance of the new panels calibration offsets. Only two r571021 bands, between 1.6
U.m and 2.3 Lim, are in excess of 4% reflectance from the calibration standard. However,
that the HMM predicts upwelled radiance values lower than the reflectance panel calibration
is disturbing.
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4.2.1.3 Western Rainbow: HYDICE
For the hyperspectral HYDICE imagery, histogramminima were the closest of any
Dark Object Subtraction technique to the LOWTRAN derived upwelled radiance estimates.
Figures 4-14 and 4-15 are for visible, figures 4-16 and 4-17 are for near infrared and
figures 4-1 8 and 4-19 are for short wave infrared HYDICE results respectively. That the
shape of the HMM curves are similar to those of the LOWTRAN upwelled radiance
estimates in each of the three spectral regions suggests that low reflectance dark targets
were available in each HYDICE band. Although the detector spectral sensitivities are
narrow for a hyperspectral sensor, the HistogramMinimumMethod should not be more or
less reliable in a hyperspectral application.
The apparent reflectance plots (figs. 4-15, 4-17 and 4-19) show the histogram
minima being within 2% reflectance of the new panel calibration intercept for all bands
short of 2.2 u,m.
Noisy detectors caused a few pixels to be abnormally dark and even negative in
radiance but these were avoided by ensuring that the histogram minima selected were
sufficiently populated.
4.2.1.4 DIRSIG
The results of the HistogramMinimumMethod on the DIRSIG Shadow Scene
appear in figure 4-20. The upwelled radiance values generated by this technique are less
than 2% reflectance from the nadir corrected truth in all bands. Deviation from truth in this
synthetic case is due to displacement from the flight line and/or the non-zero reflectance of
dark pixels (which were primarily shadows).
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4.2.2 Pairwise Regression Method
The performance of the Pairwise Regression Method is dependent on the initial
upwelled radiance estimate made in a band containing a dark object. Any error in the initial
upwelled radiance estimate is propagated through the regression process. Vegetation, often
used as a dark target, has about a 5% reflectance in the 2.1 pm water absorption band
which is not low enough to provide an accurate upwelled radiance estimate.
Classes with constant pixel-to-pixel band correlations will yield better results than
materials with band correlations that vary from pixel to pixel. Vegetation classes feature a
great deal of variation in band-to-band correlations depending on plant health. Plant health
affects the apparent reflectance of vegetation in the near infrared bands because it changes
the leaf transmission, and therefore the leaf stacking effect. The leaf stacking effect results
from the characteristic of plant canopies to both transmit and reflect incident irradiance. As
the thickness of the canopy increases then so too does the cumulative radiance reflected
back out of the canopy, increasing apparent reflectance.
4. 2. 2. 1 Southern Rainbow: M7
For the Southern Rainbow image set, dark target selection for the Pairwise
Regression method was restricted to dense dark vegetation targets chosen in a band
encompassing the water absorption band in the SWIR region (band 15, 2.1 pm). No other
dark targets, such as clear deep water, were available. The shape of the upwelled radiance
solution set for the Pairwise Regression trial shown in figure 4-11 resembles that of a
vegetation spectrum.
4.2.2.2 Western Rainbow: Daedalus
Rather than selecting a dark class a priori as was done for Southern Rainbow, all
classes available in the imagery were processed and were not limited to dark classes. The
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upwelled radiance estimates produced by these trials were selected for their high R squared
values. Any estimate with an R squared value less than 0.9 was removed from
consideration.
After removing estimates with low R squared values the rernaining data were
further processed to remove estimates greater than the band's histogramminimum or with
negative digital count values. All the remaining estimates were then averaged. The
remaining estimates were concentrated in the desert pavement class. Desert pavement is a
dark sand material at the Yuma proving grounds and would have been an obvious choice
had a dark class been selected prior to regression.
Altitude did not seem to affect the Pairwise Regression results for the Daedalus
images. The results for the 500 and 1000 foot images (figures 4-12 and 4-13) have almost
identical shape and both sets of data show no deviation from the reflectance calibration
greater than 2.5% reflectance in any band.
4.2.2.3 Western Rainbow: HYDICE
As with the Daedalus imagery, HYDICE Pairwise Regression was performed on all
classes and the highest R squared estimates were selected. Negative radiance values were
also removed but the constraint that a result be lower than the histogram minimum was
dropped for this trial.
The results for the HYDICE imagery appear in figures 4-14 and 4-15 (visible). 4-
16 and 4-17 (near infrared) and 4-18 and 4-19 (short wave infrared). All Pairwise
Regression upwelled radiance estimates were higher than the histogramminima and
LOWTRAN estimates but the decreasing trend of upwelled radiance in longerwavelengths
observed in the LOWTRAN trial was also followed by the Pairwise Regression results.
The separation between the LOWTRAN and Pairwise Regression results was ranged
between 1% and 3.5% reflectance (2 and 6 [W/(m2sru.m)]) in the visible and between
3.5% and 12% reflectance (0.5 and 6 [W/(m2srum)]) in the infrared. The greatest
deviation in reflectance does not necessarily coincide with the greatest deviation in radiance.
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4.2.2.4 DIRSIG
In the visible region, the Pairwise Regression technique produces results that are
within 3% reflectance of the truth values (figure 4-20), but as with Southern Rainbow a
resemblance to a vegetation spectrum is apparent in the synthetic imagery results. Dense
dark vegetation was selected as the dark class before processing.
The spectral data used for the DIRSIG grass and leaf canopies was deliberately
generated to feature both stressed and healthy samples. Although some variation in band
correlations is expected for a given class, the large variations exhibited by vegetation violate
the assumptions made in equation 2-8, which account for the poor results when vegetation
is used as a dark class.
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4.2.3 Covariance Matrix Method (CMM)
The optimal results for each Covariance MatrixMethod application were compared
to other DOS techniques and calibration standards in figures 4-1 1 through 4-20. Figures 4-
21 through 4-26 compare individual trails of the CMM where several classes ofmaterials
were tested. Only materials with low reflectance across a broad spectrum yielded
reasonable results. In common with Pairwise Regression, the CMM is also dependent on
the accuracy of the a priori upwelled radiance estimate.
4.2.3.1 Southern Rainbow : M7
The performance of the CMM varied depending on the materials used in the
algorithm. Small homogenous sites were chosen for the Southern Rainbow trials. The
best CMM trial for Southern Rainbow, using a tar pixel sample, is displayed in both
figures 4-1 1 and 4-21 . Pixel samples were selected to include a dispersed irradiance
distribution caused by shading or orientation. Only one band was used as the dark band
where an a priori upwelled radiance estimate was made.
Dark materials such as pavement and tar yielded the best CMM estimates in
Southern Rainbow. These dark materials yielded upwelled radiance estimates within 6%
reflectance of truth. The same argument used with the Pairwise Regression method applies
here: material classes featuring variations in band-to-band correlations from one pixel to the
next yield poor upwelled radiance estimates. The trails using pixels containing vegetative
elements exhibited high near infrared upwelled radiance estimates.
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Figure 4-2 1 Variation of sample sites in the Covariance Matrix Method for Southern
RainbowM7 imagery.
4.2.3.2 Western Rainbow: Daedalus
Complete classes were extracted from Western Rainbow imagery for Covariance
Matrix Method processing as opposed to the isolated samples used for Southern Rainbow.
A k-means classification scheme was used on ratioed versions of the Daedalus image cubes
to create the classmaps that defined the classes used in these CMM trials. This
classification process on ratioed imagery is described in section 3.2.2.
Figures 4-22 and 4-23 show CMM results for each of three classes. The best
results were selected to compare to otherDOS techniques in figures 4-12 and 4-13. For
both altitudes the desert pavement class was selected as the best trial. CMM results were
very similar to the Pairwise Regression results in most bands. CMM estimates were darker
than HMM upwelled radiance estimates in all but a few bands.
Again no difference between the results for the two image cubes could be attributed
to the difference in altitude. Variations between the two image cubes is mostly due to
differences in the reflectance calibrations. A maximum deviation of 6% reflectance was
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observed in a near infrared band but estimates for most bands were contained within 3%
reflectance of the new panels reflectance calibrations.
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Figure 4-22 Three trials of the CMM for Daedalus 1000 ft imagery.
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4.2.3.3 Western Rainbow: HYDICE
As with theWestern Rainbow Daedalus imagery, CMM trials for the HYDICE
image cube were performed with complete classes extracted from classmaps created with a
k-means classification scheme using ratioed HYDICE image data. Figures 4-24 and 4-25
illustrates the results for the three classes and figures 4-14 through 4-19 compare the best
CMM trial to other DOS techniques and to LOWTRAN.
As opposed to the Daedalus imagery a brighter sand class (not desert pavement)
was selected as providing the best upwelled radiance estimates. Similarity to the expected
shape of the upwelled radiance spectral distribution was the selection criterion used. In
comparison to the other DOS techniques the CMM results are similar to those of the
Pairwise RegressionMethod. The Histogram MinimumMethod lies closer to the
LOWTRAN estimates and is lower in radiance values than are either the CMM or Pairwise
techniques. The sand class gives good results and is only 0.3 reflectance units brighter
than the new panel calibration intercept in all but the longest wavelength bands (2.2+ pm).
In the HYDICE imagery, acquisition altitude can be identified as having affected
results through pixel mixing. The shadow class in figures 4-24 and 4-25 is the same
shadow class in the Daedalus imagery (figures 4-22 and 4-23) but in the HYDICE case the
spectra has taken the shape of a vegetation spectrum. Many of the shaded regions were
next to shrubs so classification can easily include these vegetation pixels in a shadow class
especially as ground resolution decreases with increased altitude. Increased spectral
resolution could not be considered a factor in the Covariance Matrix Method.
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Figure 4-24 Three trials of the Covariance Matrix Method forWestern Rainbow
HYDICE imagery.
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Figure 4-25 Three trials of the CMM forWestern Rainbow HYDICE imagery expressed
as apparent percent reflectance as defined by the new panel calibration.
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4.2.3.4 DIRSIG
DIRSIG CMM upwelled radiance estimates (figure 4-26) reveal the spectral
characteristics ofmaterials ( tank camouflage, canopy vegetation) from which samples were
drawn. The longest wavelength estimates are accurate but these are the a priori upwelled
radiance estimates drawn from the HistogramMinimum Method.
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Figure 4-26 Three trials of the Covariance MatrixMethod for DIRSIG Forest Scene.
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4.3 Regression Intersection Method (RIM)
RIM takes samples from classes distributed throughout the image and therefore the
upwelled radiance estimate will be for an average view angle. Since the average path length
will be greater than the nadir path, the RIM results are expected be higher than the nadir
upwelled radiance. So that the results are not biased to lower values, structural regression
is used which accounts for the bivariate nature of the data.
4.3.1 Southern Rainbow: M7
Figure 4-27 plots the Regression Intersection Method results alongside those of the
Shadow Technique and Histogram MinimumMethod. The RIM results are higher than the
nadir adjusted reflectance panel calibration but also higher than the histogram minima in all
but three bands.
0.4 0.7 1 1.3 1.6
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Figure 4-27 Southern Rainbow results. Regression Intersection Method and Shadow
Technique compared to the HistogramMinimum Method. Apparent % reflectance is
defined from the reflectance panels and adjusted for nadir perspective.
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4.3.2 Western Rainbow: Daedalus
In the Daedalus trials Regression Intersection Method results are below the
calibration panel results resulting in upwelled radiance values that have negative apparent
reflectance. For the Western Rainbow trials (Daedalus, HYDICE), a modification was
made to the RIM code so that only class intersections occurring below the histogram
minima are averaged. Intersections with negative digital counts were also removed from
consideration. Figures 4-28 and 4-29 show the RIM results for the two Daedalus altitudes
(1000 feet and 500 feet).
For the 1000 foot acquisition, eight out of ten RIM estimates are within 5%
reflectance of calibration truth. At the 500 foot altitude similar results are seen for the
visible region but the upwelled radiance estimate diverges at longer wavelengths to more
negative values. With 9 classes there are 36 possible intersections in any band pair. So in
an image cube comprised of 10 bands there are 324 possible solutions for each band.
The highest number of accepted solutions for any band in the 500 foot image cube
was 4. In the band centered at 2.3 pm no intersections out of the 324 possible were within
the range of acceptance. Per band the average number of valid solutions was 0.5%.
The 1000 foot image cube had a maximum of 5 solutions in any band out of 819
possible (there were 14 classes). Per band the average number of solutions was 0.4%.
The similarity of the RIM results for the two altitudes and the difference in number
of classes in the two images precludes attributing any affect of altitude to the Regression
Intersection Method. For RIM the quality of the classification scheme certainly is the most
important variable. If a class does not represent a material upon which there is a variation
in irradiance then that class will have poor bivariate distributions.
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Figure 4-29 Western Rainbow Daedalus results (500 ft). Regression Intersection
Method and Shadow Technique compared to the HistogramMinimumMethod. Apparent
% reflectance is defined from the new reflectance panels.
72
4.3.3 Western Rainbow: HYDICE
Regression Intersection Method results for Western Rainbow HYDICE appear in
figures 4-30 through 4-33. These plots are segmented into visible and infrared spectral
regions. LOWTRAN results are included for comparison. Both spectral regions show
good agreement between RIM upwelled radiance estimates and those generated by
LOWTRAN. The largest difference between RIM and LOWTRAN estimates is roughly
2% reflectance (3 [W/(m2srpm)]). Many RIM estimates coincide with those of
LOWTRAN.
For the HYDICE application ofRIM the number of possible solutions per band was
980. The highest number of solutions occurred in the band centered at 2.26 pm where
there were 160 valid solutions or 16%. Per band the average number of valid solutions
was 2.5%. Although the number of valid solutions is low, a five fold increase was
observed between the 10 band Daedalus and 36 band HYDICE image cubes. Spectral
resolution did seem to increase the performance of the Regression Intersection Method.
The same classification process using ratioed imagery was used for both Daedalus and
HYDICE RIM trials.
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Figure 4-30 Visible Western Rainbow HYDICE results. Regression Intersection
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Figure 4-32 Infrared Western Rainbow HYDICE results. Regression Intersection
Method compared to LOWTRAN. Upwelled radiance is defined by sensor calibration.
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4.3.4 DIRSIG
Figure 4-34 and 4-35 show RIM results as implemented on the DIRSIG Forest
Scene and DIRSIG Shadow Scene respectively. Poor RIM results were realized for
DIRSIG due to the reduced statistical variance ofmaterial classes in synthetic imagery.
The only variation in radiance for a given material was a result of shadows.
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Figure 4-34 RIM results for DIRSIG Forest Scene.
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4.4 Shadow Technique
For each band, the shaded and sunlit materials had to encompass a broad range of
reflectances for robust regression. If the reflectances of sample sites in a given band are
nearly equal then clustering occurs leading to poor regression results.
By using simple linear regression, the Shadow Technique did not account for point
variance so the regression intercept (b in equation 2-17) may be biased down (Crippen,
1987). Lower upwelled radiance estimates would then occur with substitution of b into the
numerator of equation 2-20. Appendix B contains individual regression plots for each
band of the Southern andWestern Rainbow image cubes.
4.4.1 Southern Rainbow M7
Figure 4-27 shows the results of the Shadow Technique on the Southern Rainbow
scene. Visible spectrum results are quite good for the Shadow Technique as they parallel
the histogram minima in those bands and are within 2% reflectance of the nadir adjusted
panel calibration. Near IR bands show upwelled radiance estimates greater than 10%
apparent reflectance.
Only a few shadow sites with similar obscuration factors were available in the
Southern Rainbow scene and poor regression results can be attributed to the shadow sites
combining to form a narrow range of reflectances. To increase the robustness of this
process additional sites could have been selected from throughout the scene. A more
diverse reflectance set would have been gained thereby increasing the robustness of the
regression, but this gain is offset by the decrease in confidence due to the variance of the
obscuration factors of the other sites chosen.
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4.4.2 Western Rainbow: Daedalus
It is intuitive that the Shadow Technique will perform better at lower altitudes and
this is confirmed in theWestern Rainbow Daedalus trials. Identical targets were selected in
both images. The 1000 feet and 500 feet altitude results are shown in figures 4-28 and 4-
29 respectively. At the higher altitude the upwelled radiance estimates fall to large negative
reflectance values as wavelength increases. The deviation is larger than 10% reflectance for
bands centered at wavelengths longer than 0.9 pm. The 500 foot results are within 2%
reflectance of truth in seven of ten bands and only the band centered at 2.3 pm is outside
the 10% reflectance range. At the lower altitude the Shadow Technique seems to
outperform RIM in almost all bands.
4.4. 3 Western Rainbow: HYDICE
The HYDICE image results for the Shadow Technique are shown in figures 4-30,
and 4-31 for the visible spectrum and 4-36 and 4-37 for the infrared spectrum. In the
infrared the Shadow Technique deviated from LOWTRAN estimates by a greater degree
than did RIM making it inconvenient to plot the two methods in the same figure. The same
targets used in the Daedalus trials were utilized for HYDICE.
No infrared upwelled radiance estimates generated by the Shadow Technique for
HYDICE were acceptable. That these Shadow Technique results are so much worse than
for the Daedalus trails is attributable to the 5000 foot acquisition altitude of the HYDICE
image cube and the generally poor shadows available. Spectral resolution could not be
identified as a contributing factor. Again it was observed that the Shadow Technique
upwelled radiance estimates became worse in longer wavelengths.
Figure 4-38 shows regression results for the best and worst upwelled radiance
estimates generated by the Shadow Technique for the HYDICE image cube. In the longer
wavelength band (average ofHYDICE bands 93 through 96) the relationship between
sunlit and shaded radiance values is considerably less linear than the same relationship in
the short wavelength band (average ofHYDICE bands 1 through 4). This change in the
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relationship between sunlit and shaded radiance is primarily due to changes in reflectance of
the surfaces underlying the shadowed and sunlit targets.
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Figure 4-36 Infrared Shadow Technique results for the HYDICE imagery. LOWTRAN
generated upwelled radiance values are also shown.
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Figure 4-37 Infrared Shadow Technique results for the HYDICE imagery. Results are
expressed in apparent percent reflectance as defined by the new panel calibration.
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4.4.4 DIRSIG
Figure 4-35 shows the results for the Shadow Technique using the DIRSIG
Shadow Scene (figure 3-10) which was specifically created to test this method. The scene
includes objects with identical obscuration factors and surface materials covering a wide
range of reflectances. Given these ideal scene characteristics, the shadow technique works
extremely well although some deviation does occur in the near-infrared (most likely due to
the transmission of tree shadows in this spectral region). Upwelled radiance estimates
higher than the nadir adjusted truth can be attributed to the averaging of shadow sites
chosen from throughout image which yield higher results due to the longer path.
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4.5 Scene Color Standard
The performance of the Scene Color Standard technique is dependent on the ability
to correctly match spectral signatures to the materials present in the image. The common
operational approach is for an analyst to manually assign generic signatures from a large
library of spectral measurements. The Scene Color Standard will always be dependent on
the availability of proper reflectance files. With the presence of artificial materials the SCS
estimates will improve but reliance on naturally occurring materials, for which reflectances
are rarely constant, leads to poor slope estimates in the reflectance inversion. Individual
band SCS solution lines are plotted alongside calibration panel regressions in appendix A
where each solution is quantified by its slope (m) and intercept (b) from which reflectance
(r) can be computed using the following formula (DC represents the raw digital count).
(DC-b)
r = '- (4-1)
m
4.5.1 Southern Rainbow M7
The Southern Rainbow collection included ground reflectance measurements for
targets of interest, although the locations of the measurements were not known. For the
purpose of evaluating the technique under ideal conditions (where scene reflectances are
well known) the algorithm was run using the available ground reflectance measurements.
The algorithm was run using the spectral signatures for graveled asphalt, two unique sand
regions, oak canopy, blue tarpaulin and one reflectance panel. These material classes were
paired with collected spectral measurements. As stated, the documentation required to
assign the exactmaterial spectra to specific pixels was not available.
Figure 4-39 shows the results for the Scene Color Standard in each of the Southern
Rainbow M7 bands. The performance of the method is shown for both bright (r=0.7) and
dark (r=0.1) reflectors where the results are expressed as a difference between the Southern
Rainbow reflectance calibration and SCS and also as the difference between the new panel
calibration and SCS. This representation shows the range of error one might encounter in a
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given band and scene. For example, for a bright target in the red wavelengths the SCS
would provide a reflectance value 0.3 reflectance units (30%R) brighter than would the
new panel calibration, while a dark target would be less than 0.05 reflectance units
brighter. The SCS solutions in each bandmore closely match those of the Southern
Rainbow calibration as evidenced by the smaller deviations for both bright and dark targets.
For dark targets almost all SCS reflectance estimates are with 0.05 reflectance units of the
calibrations.
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Figure 4-39 Southern Rainbow M7 image f6rl2. Difference between reflectance
predictions of reflectance panel calibrations and SCS at two reflectances (0. 1 and 0.7).
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4.5.2 Western Rainbow: Daedalus
Although theWestern Rainbow data was also accompanied by ground spectrometer
reflectance measurements only one material was used in generating the Scene Color
Standard solution. Desert pavement was used as the scene color standard as it was the
most prominent and one of the only positively identifiable materials available. Many of the
spectrometer data were for sand and vegetation or vehicular paints and camouflage. Except
for desert pavement the natural materials could not be accurately associated with regions in
the image and the paints and camouflage did not represent large pixel samples in the image.
A classmap was used to extract the average digital count of the desert pavement material
which along with an upwelled radiance estimate produced a two point linear solution in
each band. Since the scene color standard was a relatively dark material it can be expected
that any error in slope will be apparent when computing the reflectances of bright materials.
The results for the 1000 and 500 foot altitudes are presented in figures 4-40 and 4-
41 respectively. Again results are expressed as a difference between the reflectance panel
calibrations and SCS. In the Daedalus imagery both new and old panel sets were available
providing two bases for comparison.
In the 1000 foot image (fig. 4-40) a 70% reflector is on average 0.05 reflectance
units darker when comparing the SCS results to the new panel calibration. For a 10%
reflector the SCS shows reflectances roughly 0.03 units darker than either the new or old
panel calibrations.
For the 500 foot image (fig. 4-41) most SCS solutions for both the bright and dark
targets are within 0.04 reflectance units of either panel calibration although there are a few
outliers.
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Figure 4-40 Daedalus 1000 foot image. Difference between reflectance predictions of
reflectance panel calibrations and SCS at two reflectances (0.1 and 0.7).
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Figure 4-41 Daedalus 500 foot image. Difference between reflectance predictions of
reflectance panel calibrations and SCS at two reflectances (0. 1 and 0.7).
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4.5.3 Western Rainbow : HYDICE
The Scene Color Standard results for HYDICE appear in figure 4-42. As with the
Daedalus imagery, only the desert pavement material was used as a scene color standard
and the radiance values associated with this material were extracted from the HYDICE
image cube using a classmap. A two point linear solution was computed using the scene
color standard's reflectance versus radiance coordinates and the best upwelled radiance
estimate available in each band. Upwelled radiance was assigned a reflectance value of
zero.
As with the other imagery the HYDICE SCS dark target reflectances are very close
to those of the panel calibrations with most being within 0.02 reflectance units. In the case
of the bright target most SCS reflectances are within 10% reflectance when compared to the
new panel calibration. Desert pavement, a dark material, was also used as the HYDICE
scene color standard. Having a low reflectance material providing the only point (besides
the intercept, upwelled radiance) in the SCS calibration subjects the higher reflectance
materials to more error when conversion to reflectance space is performed. Again the
calibration / regression plots and equations for each band of each image can be reviewed in
appendix A.
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87
5. Summary
Five in-scene atmospheric techniques to estimate upwelled radiance and one in-
scene technique for inversion to reflectance space have been presented and implemented for
evaluation. Testing of each technique has shown problems and areas of promise.
The most efficient process for in-scene atmospheric correction would be to use the
histogram minima and the spectral signature of a material known to be present in the scene
to create a two point solution for inversion from raw digital counts to reflectance space.
The approach is crude but will often produce the best results with minimal effort.
To summarize and compare the five estimators of upwelled radiance, figures 5-1,5-
2 and 5-3 are included here. Each of these plots represents one of theWestern Rainbow
image cubes. For the Daedalus image cubes (figures 5-1 and 5-2), the absolute difference
between an upwelled radiance estimate and the reflectance panel calibration intercept
measures the performance of each technique. Performance of the techniques on the
HYDICE image cube (figure 5-3) is expressed as the absolute difference between an
upwelled radiance estimate and the LOWTRAN derived upwelled radiance estimate.
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Figure 5- 1 Five in-scene estimators of upwelled radiance as applied to aWestern
Rainbow Daedalus image acquired at 1000 feet. The ordinate axis represents the absolute
difference in percent reflectance of each technique with a reflectance panel calibration.
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Figure 5-2 Five in-scene estimators of upwelled radiance as applied to aWestern
Rainbow Daedalus image acquired at 500 feet. The ordinate axis represents the absolute
difference in percent reflectance of each technique with a reflectance panel calibration.
HYDICE cr08m33 -?hmm
-cmm
-A pairwise
-rim
-5K shadow
0.4 0.7 1 1.3 1.6
Band Centers [pm]
1.9 2.2
Figure 5-3 Five in-scene estimators of upwelled radiance as applied to aWestern
Rainbow HYDICE image acquired at 5000 feet. The ordinate axis represents the absolute
difference in radiance of each technique with a LOWTRAN estimate.
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Of the three Dark Object Subtraction techniques, (HistogramMinimumMethod,
Pairwise Regression, and the CovarianceMatrixMethod), HMM proved to be the most
useful. For the Southern Rainbow imagery, the HMM revealed inconsistencies with the
reflectance calibration emphasizing its role as an upper bound in estimating upwelled
radiance. In the threeWestern Rainbow images the HMM provides excellent upwelled
radiance estimates in many bands, though not all. A thorough in-scene atmospheric
correction should not rely on the Histogram MinimumMethod to provide all upwelled
radiance estimates. Other techniques should be used to temper the HMM and identify
bands with errant estimates.
The Pairwise Regression technique was shown to be highly dependent upon the
input pixel set. Analysis of the results indicated that the technique performed poorly when
using material classes that exhibited large variations in band-to-band correlation.
Specifically, the vegetation targets used in some trials featured significant variations in the
band to band correlation, which yielded poor results. This method may work better when
using water or artificial dark targets (which were unavailable in both the Southern Rainbow
andWestern Rainbow image sets). Use of the Pairwise Regression method should include
pre-classification of the data based on band-to-band correlation. Such a process was
described in section 3.2.2.
The Covariance Matrix Method was shown to work best when the materials
selected had constant pixel-to-pixel band correlations and an irradiance distribution caused
either by shading or variations in orientation. The classification scheme applied to the
Pairwise Regression Method was incorporated into this technique to improve the
uniformity of band correlations within the input pixel set. Despite the intensive processing
required by the Covariance Matrix Method no significant advantage was gained over either
the Pairwise Regression Method or the HistogramMinimumMethod.
The Regression Intersection Method yielded the best results for the hyperspectral
HYDICE image cube so should certainly be included in a comprehensive approach to in-
scene atmospheric correction. This method relied on classification maps to identify regions
with high band-to-band correlation in ground reflectance. Although the Regression
Intersection Method is not dependent on any a priori upwelled radiance estimates, the
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HistogramMinimumMethod was used to define an upper bound for legitimate upwelled
radiance estimates.
For the low altitude Daedalus image, the Shadow Technique provided good
estimations of upwelled radiance in the visible spectral region. That the otherWestern
Rainbow images show poor Shadow Technique results is due to the lack of adequate
shadows. This method cannot be automated as easily as the other techniques because a
user is required to identify shadow regions which meet the criteria for processing,
however, a pattern recognition system could be trained to automatically identify shadows
and quantify the obscuration factor making this method more practical in production
situations. The Shadow Technique is highly dependent upon spatial resolution, but for
imagery with high spatial resolution and an abundance ofman-made features it should
certainly be used to generate upwelled radiance estimates.
The Scene Color Standard was essential to complete the atmospheric calibrations
and an improved method is needed to match in-scene materials with signatures from a
reflectance database. Spectral unmixing implemented with stepwise regression could
automate this matching process (Gross and Schott, 1996). Even a crude approach can
yield adequate results as a review of appendix A will reveal. Appendix A contains
reflectance calibration and Scene Color Standard plots for every band processed in this
study.
An approach that combines the strengths of the Histogram MinimumMethod,
Regression Intersection Method and Shadow Technique into a single processing scheme
would be promising. This approach should take advantage of the relative confidence given
to the HistogramMinimumMethod when dark targets appear in a band, rely on the
Shadow Technique for visible upwelled radiance predictions when spatial resolution is
high, and turn to the Regression IntersectionMethod in spectral regions where the former
techniques fail. All three schemes should be gauged against one another in all bands.
Whenever imagery is radiometrically calibrated a radiative transfer code should also be used
to asses the performance of the three recommended techniques.
In work subsequent to this thesis, the benefits of using atmospheric correction
techniques could be evaluated by examining improvements in accuracy of various
exploitation techniques including material classification and spectral unmixing. Scene to
scene normalization procedures could be introduced for expanding a reflectance inversion
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to imagery acquired on multiple days. The Pseudo Invariant Feature approach (Schott and
Salvaggio, 1988) can expand a reflectance calibration provided that the scenes of interest
include reflectance invariantmaterials that also appear in the calibrated image.
All techniques which produce global results can be improved by processing image sub-
regions which should account for variations in view angle or changes in terrain elevation.
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Appendix A
Southern Rainbow M7 Reflectance Calibration f6rl2
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y = 395.1 1x + 27.91 Ascs
0.25 0.5 0.75
reflectance
Band 6
y = 320x + 37.75 *sr calib.
y = 240.85X + 25.459 new panels
y = 361 .2x + 29.91 Ascs
0.25 0.5 0.75
reflectance
A-3
Southern Rainbow M7 Reflectance Calibration f6rl2
Band 7
f6r12
0.715pm
y = 335.46X + 39.46 ?sr calib.
y = 243.38X + 25.381 new panels
y = 382.17X + 32 Ascs
0.25 0.5 0.75
reflectance
Band 8
128
c
3
O
o
-a
0.25 0.5 0.75
reflectance
A-4
Southern Rainbow M7 Reflectance Calibration f6rl2
Band 9
c
3
o
o
T3
i <;
f6r12
0.875pm
128
64 -
-"*
y = 209. 16x + 33.33 ?sr calib.
y = 165. 15x + 23.048 new panels
0 - 1 i
y = 187.47X + 32.05 A scs
j_ i i _ _
Band 10
0.25 0.5 0.75
reflectance
c
3
O
o
a
f6r12
28 -
1 .08pm
*y^C^^*-*^
64 -
^^^^^A
y = 163.99X + 38.67 ? sr calib.
y = 135.15X + 30.429
new panels
n - i. 'i ,
y = 152.45X + 34.03
I , , , 1
A scs
0.25 0.5 0.75
reflectance
A-5
Southern Rainbow M7 Reflectance Calibration f6rl2
Band 11
128
c
3
o
o
64
f6r12
1.245pm
A^
^^--^A
y = 178.99x + 39.03 ?sr calib.
y = 150.03x + 28.867 new panels
y = 171.38x + 35.97 A scs
*_. L_~ ,, ,
Band 12
0.25 0.5 0.75
reflectance
192 T
128
3
O
o
64
f6r12
1.565pm
--
^r^^^-
y = 201 .05x + 39.55 ?sr calib.
y = 176.22x + 25.797 new panels
y = 220.96x + 28.82 Ascs
__, , . 1
0.25 0.5 0.75
reflectance
A-6
Southern Rainbow M7 Reflectance Calibration f6rl2
Band 13
192
^ 128
3
O
o
T3 64
f6r12
1.67pm
LjkyCy^Z^*
**y^-
y = 199.16x + 36.04 ? sr calib.
A
y = 184.77x + 20.43 new panels
y = 200.89X + 27.72 A scs
0.25 0.5 0.75
reflectance
Band 14
y = 177.27X + 62.75 *sr calib.
y = 195.43X + 43.31 new panels
y = 206.64X + 44.84 A scs
0 +
0.25 0.5 0.75
reflectance
A-7
Southern Rainbow M7 Reflectance Calibration f6rl2
Band 15
0.25 0.5 0.75
reflectance
A-8
Western Rainbow Daedalus Reflectance Calibration r61 1021 (1000 ft)
Band 1
192 T
r61 1 021
0.405-0.455 ^m
128
3
o
64 - y = 332.21 x + 11.676 ?old panels
y = 248.1 6x + 18.817 new panels
y = 243.96X + 13.96 A desert pavement
0 +
0 0.25 0.5 0.75
reflectance
Band 2
192
r61 1 021
0.435-0.535 p.m
128 t
3
O
o
a 64 - y = 306.78x + 3.6865 ?old panels
y = 243.1x + 10.95 "new panels
y = 233.4x + 6.91 A desert pavement
0.25 0.5 0.75
reflectance
A-9
Western Rainbow Daedalus Reflectance Calibration r61 1021 (1000 ft)
Band 3
r6l 1 021
0.5-0.625 |im
y = 401.92x + 2.1578 ?old panels
y = 338.4x + 13.022 new panels
y = 329.04x + 6.58 A desert pavement
0.25 0.5 0.75
reflectance
Band 4
192 -
c
S 128 1
at
73
r61 1 021
0.57-0.65 um
64 -
0 *
0
y = 382.68X + 8.4083 ?old panels
y = 334.75X + 18.994 "new panels
y = 324.84x + 10.16 A desert pavement
0.25 0.5 0.75
reflectance
A- 10
Western Rainbow Daedalus Reflectance Calibration r61 1021 (1000 ft)
Band 5
192
E 128
3
O
o
at
64 -
r61 1 021
0.595-0.72 um
y = 288.37x + 4.5694 ?old panels
y = 258.2x + 11.923 "new panels
y = 244.82x + 5.42 A desert pavement
0.25 0.5 0.75
reflectance
Band 6
0.25 0.5 0.75
reflectance
A-ll
Western Rainbow Daedalus Reflectance Calibration r61 1021 (1000 ft)
Band 7
c
3
o
o
at
a
Band 8
c
3
o
CJ
at
a
r61 1 021
0.7-0.956 um
y = 167.37X + 4.0297
y = 154.09X + 8.5345
y = 144.1x + 4.63
? old panels
new panels
A desert pavement
0.25 0.5 0.75
reflectance
96
64
32
r61 1021
0.785-1.076 [im
y = 169.68X + 9.6638 ?old panels
y = 156.08x + 14.213 new panels
y = 156.37x + 8.67 A desert pavement
0.25 0.5 0.75
reflectance
A-12
Western Rainbow Daedalus Reflectance Calibration r61 1021 (1000 ft)
Band 9
r6l 1 021
1.496-1.836 um
y = 113.17x + 11.269
y = 109.68X + 13.353
y = 93.933x + 12.95
? old panels
new panels
A desert pavement
0.2 0.4 0.6
reflectance
Band 10
48
32
r61 1021
2.012-2.5 um
T3
16 -- y = 109.29x + 11.561 ?old panels
y = 108.73X + 12.625 new panels
y = 113.32x + 11.05 A desert pavement
0.2
reflectance
0.4
A-13
Western Rainbow Daedalus Reflectance Calibration r571021 (500 ftj
Bandl
192
r571021
0.405-0.455 um
? 128
a>
o
y = 332.86X + 11.079 ?old panels
y = 250.11X + 18.336 new panels
y = 304.93x + 10.93 A desert pavement
0.25 0.5 0.75
reflectance
Band 2
0.75
reflectance
A- 14
Western Rainbow Daedalus Reflectance Calibration r571021 (500 ft)
Band 3
0.25 0.5 0.75
reflectance
Band 4
192 --
9, 128 +
at
T3
64
r571021
0.57-0.65 um
y = 384.49X + 7.4298 ?old panels
y = 334.68x + 17.931 new panels
y = 355.1 6x + 11.08 A desert pavement
0.25 0.5 0.75
reflectance
A-15
Western Rainbow Daedalus Reflectance Calibration r571021 (500 ft)
Band 5
192
r571021
0.595-0.72 ^m
y = 289.85x + 3.7116 ?old panels
y = 257.96x + 11.029 new panels
y = 276.43x + 4.62 A desert pavement
0.25 0.5 0.75
reflectance
Band 6
128
r571021
0.645-0.79 um
c
3
O
a
- 64
at
T3
y = 207.47X + 2.7651 ?old panels
y = 188.82x + 8.2124 new panels
y = 1 93.61 x + 5.05 A desert pavement
0.25 0.5 0.75
reflectance
A-16
Western Rainbow Daedalus Reflectance Calibration r571021 (500 ft)
Band 7
c
3
o
o
96 -
64 --
32
r571021
0.7-0.956 um
^r
y = 167.73X + 3.6849 ?old panels j
y = 153.38x + 8.2225 new panels ]
y = 159.55x + 4.88 A desert pavement |
I 1 1 i
0.25 0.5 0.75
reflectance
Band 8
c
3
o
O
at
'a
r571021
0.785-1.076 \xm
y = 170.81x + 8.7957 ?old panels
y = 156.37x + 13.58 "new panels
y = 169.88X + 9.49 A desert pavement
0.25 0.5 0.75
reflectance
A- 17
Western Rainbow Daedalus Reflectance Calibration r571021 (500 ft)
Band9
r571021
1.496-1.836 um
y = 113. 16x + 10.965 ?old panels
y = 108.85x + 13.1 new panels
y = 115.84x + 7.96 Adesert pavement
0.2 0.4 0.6
reflectance
Band 10
r571021
2.012-2.5 um
y = 104.78X + 11.746
y = 108.79X + 12.699
y = 138.2X + 7.59
? old panels
new panels
Adesert pavement
0.25
reflectance
0.5
A-18
Western Rainbow HYDICE Reflectance Calibration er08m33
Average: Bands 1-4
150 T
100
CM
<
E
50 -
cr08m33
0.3935-0.4105 um
y = 170.99x + 3.176 Adesert pavement
0.5
reflectance
Average: Bands 5-8
100
E
CM
<
E
50
cr08m33 y^m
0.407-0.424 um
?v^S
i
y = 200.29X + 5.221 ? old panels J
y = 1 45.41 X + 8.8626 new panels ]
T i 1. , T
y = 175.62X + 3.762
i
Adesert pavement ]
0.25 0.5 0.75
reflectance
A- 19
Western Rainbow HYDICE Reflectance Calibration cr08m33
Average: Bands 9-12
100
E
CM
<
E 50 --
cr08m33
0.42-0.438 um
y = 189.17X + 5.003 ?old panels
y = 157.02x + 6.465 new panels
y = 167.73x + 3.617 Adesert pavement
0.25 0.5 0.75
reflectance
Average: Bands 13-16
150
100
CM
<
E
50
cr08m33
0.435-0.454 um
**y = 229.87X + 6.0207 ? old panels
y = 196.4x + 7.8137 new panels
mk i ' '
y = 222.91x + 3.912
__i
Adesert pavement
0.25 0.5 0.75
reflectance
A-20
Western Rainbow HYDICE Reflectance Calibration er08m33
Average: Bands 17-20
CM
<
E
1b0 -i
cr08m33
0.45-0.47 |im ^>
100 -
50 y :- 244.37x + 5.9235 ?old panels ]
y == 210.74x + 8.2117 new panels
n ^
y =
I
= 241 .33x + 4.283 Adesert pavement !
0.25 0.5
reflectance
0.75
Average: Bands 21-24
150
i. 100
CM
<
E
cr08m33
0.467-0.488 um
y = 245.87x + 4.8517 ?old panels
y = 210.63x + 7.6861 new panels
y = 243.52x + 4.064 Adesert pavement
0.25 0.5
reflectance
0.75
A-21
Western Rainbow HYDICE Reflectance Calibration cr08m33
Average: Bands 25-28
150
0.25 0.5 0.75
reflectance
Average: Bands 29-32
150
cr08m33
0.502-0.528 um
I 100 i
CM
<
E
50 -- y
= 241 .88x + 3.7304 ?old Panels
y = 211.69X + 7.3626 new panels
y = 252.42x + 2.939 Adesert pavement
0.25 0.5 0.75
reflectance
A-22
Western Rainbow HYDICE Reflectance Calibration er08m33
Average: Bands 33-36
150 -i
100
cr08m33
0.523-0.551 um
CM
<
E
50 y = 243.09X + 3.0244
?old panels
y = 21 7.51 x + 6.8338 new panels
y = 252.4x + 3.087 Adesert pavement
0.25 0.5 0.75
reflectance
Average: Bands 37-40
150
100 --
CM
<
cr08m33
0.546-0.577 um
y = 232.91x + 2.3291 ?old panels
y = 215.6x + 6.061 new panels
y = 242.03X + 3.425 Adesert pavement
0.25 0.5 0.75
reflectance
A-23
Western Rainbow HYDICE Reflectance Calibration cr08m33
Average: Bands 41-44
150
1. 100 i
CM
<
E
50 --
cr08m33
0.571-0.605 um
y = 229.87X + 1.982 ?
old panels
y = 218.81X + 5.1905 new panels
y = 232.94X + 3.176 Adesert pavement j
0.25 0.5 0.75
reflectance
Average: Bands 45-48
150
100
CM
<
E
50 -
cr08m33
0.599-0.637 um
222.17x + 1.3711 ?old panels
y = 211.34X + 4.7491 new panels
y = 221.98x + 3.03 Adesert pavement
4
0.25 0.5 0.75
reflectance
A-24
Western Rainbow HYDICE Reflectance Calibration cr08m33
Average: Bands 49-52
CM
<
E
120 - cr08m33
0.63-0.672 um
^ ,
80 - j
i
40 - y
= 211.16X + 0.9578 ? old panels j
y = 203.07X + 4.0959 new panels
n I
y = 215.69X + 1.962 Adesert pavement !
I
0.25 0.5 0.75
reflectance
Average: Bands 53-56
100
E
CM
<
50 -
cr08m33
0.665-0.711 um
= 192.35X + 0.8223 ?old panels
y = 188.27X + 3.3903 new panels
y = 188.59x + 2.835 Adesert pavement
0.25 0.5 0.75
reflectance
A-25
Western Rainbow HYDICE Reflectance Calibration cr08m33
Average: Bands 57-60
E
CM
<
E
100
50 -
cr08m33 ^
0.703-0.754 um
^y = 165.32X + 0.564 ? old panels
y = 165.8X + 2.5549 new panels
y = 168.04X + 1.365 Adesert pavement j
0.25 0.5
reflectance
0.75
Average: Bands 61-64
100
CM
<
E
50 --
cr08m33
0.746-0.8 um
= 147.98X + 0.5385 ?old panels
y = 147.97x + 2.3332 new panels
y = 147.09X + 1.369 Adesert pavement
0.25 0.5 0.75
reflectance
A-26
Western Rainbow HYDICE Reflectance Calibration cr08m33
Average: Bands 65-68
90
60 -
CM
<
E
30 -
cr08m33
0.792-0.848 um
y = 137.14x 0.4662 ?old panels
y = 1 36.81 x + 1.2866 new panels
y = 130.38x + 1.47 Adesert pavement
0.25 0.5 0.75
reflectance
Average: Bands 69-72
80
E 60
*
21 40 -
E
5
20 +
cr08m33
0.844-0.904 um
y = 131.82X 0.522
?old panels
y = 129.35X + 1.363 new panels
y = 124.67x + 1.01 Adesert pavement
0.25 0.5 0.75
reflectance
A-27
Western Rainbow HYDICE Reflectance Calibration cr08m33
Average: Bands 73-76
40
E
3.
cm 20
cr08m33
0.896-0.96 um
y = 63.404x + 0.2141 ?old panels
y = 63.91 5x + 0.8961 new panels
y = 62.079X + 0.46 Adesert pavement
0.25 0.5 0.75
reflectance
Average: Bands 77-80
60
cr08m33
0.952-1.02 um
40 -
CM
<
E
20 - y = 90.462X 0.2735
?old panels
y = 90.122x + 0.9182 new panels
y = 83.829X + 0.898 Adesert pavement
0.25 0.5 0.75
reflectance
A-28
Western Rainbow HYDICE Reflectance Calibration er08m33
Average: Bands 81-84
60
_ 40
</>
CM
<
E
20
cr08m33
1.008-1.08 um
'y = 100.94x 0.3918 ?old panels
y = 102.84X + 0.6904 new panels
y = 91.655x + 1.027 Adesert pavement
0.25 0.5 0.75
reflectance
Average: Bands 85-88
36 t
I 24
CM
<
E
12 -
cr08m33
1.068-1.14 um
y = 54.393X + 0.0995 ?old panels
y = 56.327X + 0.5156 new panels
y = 50.756X + 0.456 Adesert pavement
0.25 0.5 0.75
reflectance
A-29
Western Rainbow HYDICE Reflectance Calibration cr08m33
Average: Bands 89-92
27
lis
CM
<
E
cr08m33
1.128-1.2 um
y = 41 .901 x + 0.1298 ?old panels
y = 42.275X + 0.5034 new panels
y = 40.332x + 0.14 Adesert pavement
0.25 0.5 0.75
reflectance
Average: Bands 93-96
CM
<
E
cr08m33 ^^ I36 -> 1.188-1.256 um
y^
24 -
j
12 -
y = 63.738x 0.0348
y = 64.803X + 0.5572
]
? old panels
new panels
n i
y = 60.1 84x + 0.255 Adesert pavement I
0.25 0.5 0.75
reflectance
A-30
Western Rainbow HYDICE Reflectance Calibration er08m33
Average: Bands 97-100
36
|24T
CM
<
12 +
cr08m33
1.244-1.32 um
y = 54.003x + 0.0025 ?old panels
y = 54.625X + 0.5272 new panels
y = 51.494x + 0.216 Adesert pavement
0.25 0.5 0.75
reflectance
Average: Bands 1 15-1 18
24
cr08m33
1.5-1.564 |im
CO
M 12
<
E
y = 36.664X + 0.053
?old Danels
y = 37.378X +
0.192" new panels
y = 35.005x + 0.101 Adesert pavement
0.25 0.5 0.75
reflectance
A-31
Western Rainbow HYDICE Reflectance Calibration cr08m33
Average: Bands 119-122
24
E
*
CO
*cm 12 1
<
E
cr08m33
1.552-1.616 um
y = 35.878X + 0.0216 ?old panels
y = 36.871x + 0.1225 anew panels
y = 33.805x + 0.147 A desert pavement
J
0.25 0.5 0.75
reflectance
Average: Bands 123-126
20
CO
w 10
<
E
cr08m33 ^j? |
1.604-1.664 um ^^
--
^y = 34.751x 0.1295
\
\
i
? old panels i
y = 36.399X 0.1404 new panels j
y = 32.044X + 0.093 Adesert pavement j
0.2 0.4 0.6
reflectance
A-32
Western Rainbow HYDICE Reflectance Calibration cr08m33
Average: Bands 127-130
16 -
CO
5" 8
E
cr08m33
y< I
1.656-1.717 um ^
y = 30.467X + 0.0572 ? old panels j
y = 32.227X + 0.0097 new panels j
y = 29.509X + 0.075
j
Adesert pavement ]
Average: Bands 165-168
0.2 0.4 0.6
reflectance
CM
<
E
0.25
reflectance
0.5
A-33
Western Rainbow HYDICE Reflectance Calibration cr08m33
Average: Bands 169-172
CM
<
E
3 --
1 --
cr08m33
2.12-2.168 um
y = 8.0003x + 0.0618 ?old panels
y = 8.856x 0.0939 new panels j
y = 9.6876x + 0.013 Adesert pavement j
0.25
reflectance
0.5
Average: Bands 173-176
0.25
reflectance
0.5
A-34
Western Rainbow HYDICE Reflectance Calibration cr08m33
Average: Bands 177-180
3
E
2 +
CM
<
E
cr08m33
2.196-2.244 um
= 7.8648X - 0.0954 ?old panels
y = 8.7964x - 0.2773 new panels
y = 6.641 7x + 0.013 Adesert pavement
0.2
reflectance
0.4
Average: Bands 181-184
2
cr08m33
2.236-2.28 um
E
co
w 1 t
<
E
y = 6.8537x - 0.1175
?old panels
y = 7.5145x 0.2521 new panels
y = 5.9333X + 0.001 Adesert pavement
0.2
reflectance
0.4
A-35
Western Rainbow HYDICE Reflectance Calibration cr08m33
Average: Bands 185-188
1.5
cr08m33
2.272-2.316 um
E
CM
<
E
1 -
5 0.5 - y
= 6.0625X 0.1225 ?old panels
y = 6.5103x 0.2528 new panels
y = 5.1147x + 0.003 Adesert pavement
0.2
reflectance
0.4
Average: Bands 189-192
cr08m33 ?^*A
2.308-2.352 lim
E 1
'
co
*
CM
|o.5-
5
/ y = 4.9985x 0.1113 ?old panels
y = 5.431 5x 0.261 new panels
0 i
y = 4.1111X + 0.006 Adesert pavement
0.2
reflectance
0.4
A-36
Appendix B
Shadow Technique Regressions
Western Rainbow Daedalus r61 1021
64
o
Q
= 32
3
CO
r611021 band 1
y = 2.8163X 17.123
0.5798
16
shaded DC
32
64
48
O
Q
= 32 f
c
3
CO
16 -
r611021 band 2
y = 3.388x 7.6189
FT = 0.5524
8 16
shaded DC
24
B-l
Shadow Technique Regressions
Western Rainbow Daedalus r61 1021
128 -r
y = 4.2753X 2.3626
FT = 0.4262
16
shaded DC
24 32
128 1
r611021 band 4
o
Q
3
co
96
32 t y = 4.4966X 14.961
R2
= 0.396
16 32
shaded DC
48
B-2
Shadow Technique Regressions
Western Rainbow Daedalus r6 1 102 1
128
o
Q
I 64
3
co
[ r611021 band 5 ?
?
??
^ ?
/????
y = 4.531 3x + 3.562
R2
= 0.3477
0 8 16
shaded DC
2
96
O
Q
64
c
3
CO
32 +
r611021 band 6
??
y = 4.3372X + 6.6705
R2
= 0.269
8
shaded DC
16
B-3
Shadow Technique Regressions
Western Rainbow Daedalus r61 1021
96
o
Q
64
c
3
CO
32
r611021 band 7
8
shaded DC
16
96
O
Q
64
c
3
co
32 -
r611021 band 8
y = 3.2643X + 2.6174
R2
= 0.2313
16
shaded DC
32
B-4
Shadow Technique Regressions
Western Rainbow Daedalus r61 1021
8 16
shaded DC
24
72 -r
r61 1021 band 10
y = 1.0389X + 28.412
R2
= 0.125
8 16
shaded DC
24
B-5
Shadow Technique Regressions
Western Rainbow Daedalus r571021 (500 ft)
64 -
o
Q
3
co
r571021
band 1
y = 3.0183X - 15.898
R2
= 0.4421
16
shaded DC
32
64 -
O
3
CO
r571021
band 2
y = 5.283X 26.471
R2
= 0.5981
16
shaded DC
32
B-6
Shadow Technique Regressions
Western Rainbow Daedalus r571021 (500 ft)
1 no
r571021 ? /
band 3 ?? S
o
T3
c
3
CO
64 y*x'
r y = 7.2224X 35.98
n -
R2
= 0.564 I
8 16
shaded dc
24
128
r517021
band 4
o
Q
c
3
CO 64 1
y = 8.7908X 89.375
= 0.6069
16
shaded DC
32
B-7
Shadow Technique Regressions
Western Rainbow Daedalus r571021 (500 ft)
128
y = 9.9445X 52.24
R2
= 0.5907
16
shaded DC
32
96 -r
O
Q 64
c
3
CO
32 -r
r571021
band 6
y = 9.9909X 37.911
R2
= 0.5011
8
shaded DC
16
B-8
Shadow Technique Regressions
Western Rainbow Daedalus r571021 (500 ft)
96
o
o
64 -
c
3
CO
32 -
r571021
band 7
8
shaded DC
16
96
O
Q
64 -
c
3
CO
32
r517021
band 8
13.972X 148.47
R"
= 0.4662
shaded DC
16 24
B-9
Shadow Technique Regressions
Western Rainbow Daedalus r571021 (500 ft)
96
o
o
64
c
3
CO
32 -
r571021 S \
band 9 +/
--
.4/
-
jf^ ?
y y = 5.205X 26.52 I
/ R2 = 0.387 |
'
______4
8 16
shaded DC
24
96
O
Q
64
c
3
CO
32 "
0 -*
T571021
band 10
8 16
shaded DC
24
B-10
Shadow Technique Regressions
Western Rainbow HYDICE cr08m33
30
c
=*-
1_
5*cm 15
- <
3
ir"
cog
y = 2.2738X - 1.222
R2
= 0.8319
?*
cr08m33
b1-b4
0.39pm-0.4lLim
5 10 15
shaded radiance [W/(mA2*sr*um)J
30
y = 1.9405X + 1.6611
R2
= 0.7194
CD E
o i
c
CO w
TJ co
CO
k_ CM
^_, <
~r E
3 ^^
CO
15
cr08m33
b5-b8
0.407pm-0.424pm
5 10
shaded radiance [W/(mA2*sr*um)J
15
B-ll
Shadow Technique Regressions
Western Rainbow HYDICE cr08m33
30
o E
to i-
"5
2*cm 15
- <
1 E
3
ir"
"5
ly = 1.9199X + 2.9459
R2
= 0.6895 ? y+
? yy
\
-
"> ?
?
cr08m33
- b9-b12
r y
0.42pm-0.438um
0
shaded
5
radiance
10 1
[W7(mA2*sr*um)]
cr08m33
b13-b16
0.435pm-0.454pm
10
shaded radiance [W/(mA2*sr*um)]
20
B-12
Shadow Technique Regressions
Western Rainbow HYDICE cr08m33
45
CD
O
c
CO 'i_
~.>- CM
<
1 E
COg
I 30
15
cr08m33
b17-b20
0.45pm-0.47Lim
+
5 10 15
shaded radiance [W/(mA2*sr*um)]
20
45
i *CO t-
- <
=E E
3
iT"
CO -C
y = 2.2829X + 5.8574*
R2
= 0.6384 ?
30
15
cr08m33
b21-b24
0.467pm-0.488
5 10 15
shaded radiance [W/(mA2*sr*um)]
20
B-13
Shadow Technique Regressions
Western Rainbow HYDICE cr08m33
60
245
c E
ffl i-
2 Jm 30
- <
^ E
3 ^
CO g
il 15
= 2.393X + 7.6644
0.5939
cr08m33
b25-b28
0.483pm-0. 507pm
5 10 15
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